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Abstract  
The training and competency development of individuals who manage data from a 
clinical trial is in an international concern. Clinical trials are designed to test the safeness and 
efficacy of drugs, biologics, and devices including the frequency of adverse drug reactions that 
pose a potential threat to human subjects. Given that clinical data managers hold the responsible 
for managing data on a human subject’s adverse reactions to a drug in a clinical trial, there is a 
major need to ensure that clinical data managers are effectively trained in the evidence-based 
data management practices of the profession. The Society for Clinical Data Management’s 
Certified Clinical Data Manager ExamTM has clearly articulated the evidence-based data 
management practices through its competencies. The use of evidence-based data management 
practices may reduce the number of errors in clinical trial data and help ensure that a harmful 
drug is not approved for use in patients; potentially reducing the significant amount of deaths 
that occur annually from an individual adverse reaction to a drug.  
This study uses a quantitative descriptive research design to examine the frequency of correct 
responses to questions in the competency domains of the Certified Clinical Data Manager 
ExamTM to identify exam preparation needs. In alignment with classical test theory, descriptive 
statistics, point-biserial correlation values, and p-values were calculated to discriminate between 
questions that could potentially be written poorly and questions that require clinical data 
managers to prepare better. The analysis revealed clinical data managers needed additional exam 
preparation in coordinating data discrepancy identification and resolution, entering data, 
implementing data standards, specifying edit checks, designing data collection forms, and 
programming data extracts.  
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Chapter I: Introduction 
Clinical data managers are individuals who hold the professional responsibility of 
managing data from clinical research studies involving human subjects (Krishnankutty, Naveen, 
Moodahadu, & Bellary, 2012). Two professions distinctly support individuals who manage data 
from clinical research studies: the clinical data management profession and the clinical research 
informatics profession. As a subdomain of biomedical informatics, clinical research informatics 
offers a broad focus of developing core theories, modalities, and tools to help manage data from 
clinical trials (Kahn & Weng, 2012). While clinical research informatics supports the science of 
managing data from clinical trials, clinical data management offers a more specific focus on the 
practice of managing data from clinical trials in compliance with regulatory standards 
(Krishnankutty et al., 2012). 
Zozus et al. (2017) presented a clear articulation of the competencies of the clinical data 
management profession as represented through the Certified Clinical Data Management ExamTM 
and discussed the value of using the scientific principles of the clinical research informatics 
discipline to support the work performed by clinical data managers. Scientific concepts and 
principles can provide clinical data managers with an effective understanding of the underlying 
theories that are used to support the design and conduct of data management in a clinical trial 
(Beller, 1996). Zozus et al. (2017) also contextualized the competencies of the clinical data 
management profession within the broader scope of the clinical research informatics profession. 
Therefore, a significant implication was that the clinical data management profession should be 
grounded within the scope of the clinical research informatics profession to develop formal 
degree programs to meet the training needs of clinical data managers. Beyond the development 
of formal degree programs, emphasis has been placed on how the clear articulation of the 
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competencies of clinical data management may help clinical data managers understand exam 
preparation needs for the Certified Clinical Data Manager ExamTM.   
Rationale of the Study 
 
Professional associations can be a significant source of guidance in the creation, 
management, and development of the professions which they serve because they present an 
opportunity for allowing individuals to make impactful contributions toward driving a 
profession’s mission and goals forward. As the professional association for clinical data 
management, the Society of Clinical Data Management (SCDM) has been an integral component 
of providing professional standards for individuals who manage data from clinical trials. One of 
SCDM’s most impactful contributions to clinical data managers occurred in 2000 with SCDM’s 
production of the Good Clinical Data Management Practices (GCDMP). The GCDMP held the 
primary goal of supporting SCDM’s mission of advancing excellence in clinical data 
management and sought to ensure that clinical data managers were trained to implement high-
quality data management processes effectively in the conduct of clinical trials (“Good Clinical 
Data Management Practices,” 2013). As a professional association, SCDM continues to offer 
guidance to clinical data managers on performing the work of the profession by articulating 
updates to the GCDMP as the profession evolves.  
Clinical data managers have used on-the-job training as a primary source of acquiring the 
competencies of the profession (Zozus et al., 2017). The traditional strategy of using on-the-job 
training as a method of communicating the dynamic knowledge base of clinical data 
management is heavily associated with the vocational and interdisciplinary nature of the work 
performed by clinical data managers. The nature of the work, as reflected by the GCDMP, 
emphasizes the integration of competencies in biological and information sciences that are 
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required for the effective management of data from clinical trials (“Good Clinical Data 
Management Practices,” 2013). With such a unique combination of competencies required of 
clinical data managers, on-the-job training appears to have naturally evolved as a solution for 
helping clinical researchers, physicians, and employers train teams to manage data from clinical 
trials.  
By using on-the-job training as a mechanism for acquiring the competencies of the 
profession, clinical data managers’ knowledge of the underlying theories and concepts vary by 
employer because employers generally develop on-the-job training based on the needs of the 
clinical trials that they manage (Embi & Payne, 2009). Therefore, a significant source of 
motivation to standardize the competencies of all clinical data managers exists because it is 
likely that clinical data managers do not possess all clinical data management competencies. 
Standardization is being motivated by the growing demands and increasing complexity of the 
work over the past decade. As a step toward standardization of the competencies, investigating 
the needs of individuals who took the Certified Clinical Data Manager ExamTM presents a 
potential solution to understanding the tasks that clinical data managers should be able to 
perform to be successful on the exam. Given that Zozus et al. (2017) noted that the certification 
exam competencies are grounded in underlying theories and concepts, an examination of how 
clinical data managers are performing in the each of the competency domains (content areas) of 
the certification exam seemed appropriate. 
Statement of the Problem 
 
 According to the Food and Drug Administration, it is estimated that 106,000 deaths 
occur annually as a result of adverse drug reactions in humans (US Food and Drug 
Administration, 2017). Clinical trials are designed to test the safeness and efficacy of drugs 
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including the frequency of adverse drug reactions that pose a potential threat to human 
participants (Edwards & Aronson, 2000). Given that clinical data managers are responsible for 
managing data on a human subject’s adverse reaction to a drug in a clinical trial, there is a 
significant need to ensure that clinical data managers are effectively trained in the evidence-
based data management practices of the profession as articulated through the certification exam 
competencies. A clinical data manager’s use of evidence-based data management practices may 
reduce the number of errors in clinical trial data and ensure that a harmful drug is not approved 
for use in patients. Given SCDM’s use of the certification exam as a tool for assuring clinical 
data manager competency in evidenced-based clinical data management practices, an increase in 
the competency of clinical data managers could yield an increase in the number of those who are 
certified in evidenced-based data management practices. An increase in the number of clinical 
data managers who are certified may increase performance and result in fewer errors, which 
could result in reduce mortality rates.  
Purpose of the Study 
 
The purpose of this study is to identify the areas of Certified Clinical Data Manager 
ExamTM that clinical data managers struggle with by examining the frequency of correct 
responses to the exam’s questions. This examination will provide an understanding of which 
components of the Certified Clinical Data Manager ExamTM clinical data managers should focus 
on during exam preparation. 
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Research Question  
 
Based on clinical data manager responses to the exam questions on the Certified Clinical 
Data Manager ExamTM, what competency domain(s) of the exam should clinical data managers 
be more prepared in?  
Null Hypotheses: 
 
Hypothesis One 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the design tasks competency domain.    
Hypothesis Two 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the data processing tasks competency domains.  
Hypothesis Three 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the programming tasks competency domains. 
Hypothesis Four 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the testing tasks competency domains.  
Hypothesis Five 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the coordination and management tasks competency domains.  
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Hypothesis Six 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the review tasks competency domains.  
Methods  
 
This study uses a quantitative descriptive research design to examine the frequency of 
correct responses to questions in the competency domains of the Certified Clinical Data Manager 
ExamTM. The research design helped answer the research question by using methods that are 
traditionally associated with assessing the psychometric properties of an exam to isolate exam 
preparation needs. This study used de-identified secondary data requested from SCDM to 
address the research question. By request, all personal identifiers were removed from the data set 
before being received by the researcher of this study. Data collection was limited to the 
submission of a data request to SCDM.  
After receiving the data, descriptive statistics were calculated on the overall exam and 
each of the competency domains of the exam to examine the performance of clinical data 
managers in each domain. Values for point-biserial correlations and p-values were calculated to 
discriminate between questions that could potentially written poorly and questions that require 
clinical data managers to prepare better. The p-value represents the proportion of clinical data 
managers who answered a question correctly while the point-biserial correlation assesses the 
reliability of a question. A lack of training or a poorly written question may be indicated by a 
clinical data manager answering a question incorrectly on the certification exam. By using a 
psychometric test to examine question reliability, the reason for a high percentage of incorrectly 
answered responses is isolated. More specifically, if a psychometric test reveals a high level of 
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reliability for a question, a high percentage of incorrect responses to a question may indicate a 
need for additional exam preparation in the competency associated with the exam question. 
Content validity testing was previously performed by SCDM and indicated that the exam 
fairly assessed the competencies. Cronbach’s alpha was computed by the researcher of this study 
to independently test the certification exam’s reliability. 
Theoretical Framework 
 
Training and development is defined as the process of systematically developing 
expertise for the purpose of improving performance (Swanson & Holton, 2009). Development, 
with its broader focus on longer-ranging competency development, is of particular concern in 
this study. A component of the development spectrum, often under-examined, focuses on an 
individual’s process of self-directing his/her own learning to acquire the required competencies 
of his/her chosen profession (Swanson & Holton, 2009). Zozus et al. (2017) noted that the 
competencies of the certification exam are grounded in the practice in the profession, indicating 
that the certification exam provides a quantifiable representation of the competence of clinical 
data managers. 
As the theoretical framework for this study, classical test theory explains how the 
frequency of correct responses on the exam’s questions can provide an understanding of 
components of the exam clinical data managers should have focused on during exam preparation. 
Classical test theory was chosen because of its consistent use in medical education assessments 
as noted by De Champlain (2010). With clinical data management and its certification exam 
serving as support for the medical profession, a significant amount of support was offered to 
choosing classical test theory as the theoretical framework for this study.  
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Classical test theory is a psychometric theory derived from the early workings of Allen 
and Yen’s (1979) classical true-score theory. The fundamental principle of classical test theory 
states that a person’s observed test score is equal to the person’s true score plus the possibility of 
a random error (DeVellis, 2006). In this formula, a person’s observed score is the score earned 
on an exam (De Champlain, 2010). For example, a clinical data manager’s total score on the 
certification exam is the equivalent of the observed score in this formula. The true score refers to 
a person’s expected value of the observed score if the test was taken an infinite number of times 
(De Champlain, 2010). More simplistically stated, the true score represents an accurate 
measurement of a person’s ability in some area of an exam if the exam was designed to perfectly 
measure the area if no random error existed (De Champlain, 2010). Inversely, the random error is 
the difference between a person’s true score and the person's observed score (DeVellis, 2006). 
This formula is most significant because it introduced the concept that a person’s observed score 
on an exam may not be a true reflection of a person’s overall ability in some area because of the 
possibility of random error. Therefore, exams must be assessed for reliability. As noted by 
classical test theory, the best reflection of a person’s true ability can be examined by performing 
a point-biserial correlation to assess question b and p-values to assess question difficulty 
(Kunovskaya & Cude, 2014).   
Significance of the Study 
 
 SCDM’s most recent revision of the exam was completed in 2008 (Zozus et al., 2017). In 
preparation for the upcoming revision of the certification exam, a clear articulation of 91 clinical 
data manager competencies was provided by Zozus et al. (2017). This articulation of facilitated 
SCDM’s development of a competency key that correlated each exam question with one of the 
exam’s competency domains. The value offered by this examination is grounded in the increase 
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in scope and knowledge discovery of clinical data management that has occurred since the last 
revision of the certification exam. As a consequence of the profession’s growth, the certification 
exam’s competencies will be a current reflection of the breadth and scope of the profession 
(Zozus et al., 2017). Given the nature of the certification exam’s use as a tool for competency 
assurance, clinical data managers will now be guided toward acquiring the competencies that the 
field’s professional association, the SCDM, has articulated as required for effective professional 
practice.  
 As a result of the clear articulation of the competencies, clinical data managers may 
attempt to acquire the competencies to prepare for the certification exam more effectively. This 
study is significant because it sought to identify how clinical data managers have been 
preforming in each of the content areas of the certification exam. The outcomes of this study 
could allow clinical data managers to be able to make more effective decisions about the most 
appropriate competency areas to focus more on for certification exam preparation. With the 
certification exam serving as a representation of the competencies needed for effective practice 
in the clinical data management profession as noted by Zozus et al. (2017), performance on the 
exam could be an indication of subsequent success in the workforce. Therefore, a significant 
amount of value is offered to clinical data managers in understanding what others commonly 
struggle with on the exam. 
In addition to the potential impact on the exam preparation of clinical data managers, this 
study offers a substantial contribution to the profession’s literature related to developing clinical 
data managers through systematic training. By examining how clinical data managers are 
performing in the competency domains of the certification exam, this study emphasizes the 
importance of addressing development issues associated with clinical data managers. Given the 
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academic nature of the work performed by many clinical data managers, published literature 
could serve as a strong source of assistance for understanding how to develop more effective 
clinical data managers who can make substantive contributions to clinical research.  
The development-related literature on clinical data managers has some recognized 
deficiencies centered on how on-the-job training, formal degree programs, and self-directed 
training work collaboratively to prepare individuals for roles as clinical data managers (Zozus et 
al., 2017). Therefore, the most impactful inquiry lacking in the development-related literature is 
not a broad question of how individuals prepare for roles as clinical data managers, but a more 
significant inquiry would be using the competencies of the profession’s certification exam to 
understand clinical data manager preparation needs for the certification exam.  
Definition of Terms 
 
This section offers context for understanding this study including its design, 
implementation, findings, and impact on the clinical data management workforce. The following 
definitions are offered: 
 Certified Clinical Data Managers – These individuals hold the professional 
responsibility of managing a vital element of the clinical research process; the 
collection and maintenance of high-quality, data produced from clinical trials 
(Krishnankutty et al., 2012). In addition, these individuals have successfully 
completed the certification exam sponsored by the Society for Clinical Data 
Management ("About Certification - SCDM", 2017). 
 Clinical Data Managers – These individuals hold the professional responsibility of 
managing a vital element of the clinical research process; the collection and 
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maintenance of high-quality, data produced from clinical trials (Krishnankutty et al., 
2012).  
 Certification Exam – refers to the Certified Clinical Data Manager ExamTM: a 
certification exam for clinical data managers (Zozus et al., 2017). 
 Clinical Research – A range of trials and clinical studies with a focus on human 
subjects involving epidemiologic, behavioral, health services, and outcomes research 
(Embi & Payne, 2009). 
 Clinical Research Informatics – A sub-discipline of biomedical informatics with a 
focus on developing new data models, theories, and tools ranging in application from 
basic sciences to clinical trials (Kahn & Weng, 2012). 
 Clinical Trial - A research study conducted on humans using the scientific method to 
answer specific questions (Cassidy, 1993).  
 Competencies – Some action that produces a result; a foundation upon which to build 
education (Zozus et al., 2017).   
 Competency Domain – a group of interrelated competencies (Zozus et al., 2017). The 
certification exam questions are organized into eight competency domains. The 
competency domains of the certification exam are listed below. 
 Design Tasks  
 Training Tasks (not tested on the certification exam) 
 Data Processing Tasks 
 Programming Tasks 
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 Testing Tasks 
 Personnel Management Tasks (not tested on the certification exam) 
 Coordination and Management Tasks 
 Review Tasks 
 Exam Preparation Need – A need for additional formal or informal learning, training, 
or performance improvement activity that contributes to the ability of a person to 
complete an exam as indicated by the percentage of exam takers who incorrectly 
answered an exam question. 
 Foundational Knowledge – This term, also referred to as “factual knowledge,” is 
defined as the basic information that learners must know to be familiar with or solve 
problems within a profession (Patel, Yoskowitz, Arocha, & Shortliffe, 2009). 
 Question-Level Data - Scoring information by question; mostly a notation of whether 
a question was answered correctly or incorrectly and generally presented in the form 
of a score per question as opposed to a summative score for all the questions on an 
exam. 
 Society for Clinical Data Management – The professional association for clinical data 
managers; responsible for the management and development of the certification 
exam. (Zozus et al., 2017). 
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Operational Definitions 
 
 Classical Test Theory– A theory that acknowledges the impact of errors associated 
with summarizing observe scores and explains how exam responses can be used to 
examine the extent to which an exam question measures something consistently. 
(Traub, 2005).  
 Certified Clinical Data Manager ExamTM– A 130-item high-stakes exam that assesses 
clinical data manager competency.  
 Exam Question Response (Independent Variable/Dichotomous Variable) – One of 
130 items written in a four option multiple-choice format to assess clinical data 
manager competency; synonymous with the term “item”; produces an dichotomous 
variable in the form of a “0” or “1” based on whether a clinical data manager 
answered a question incorrectly or correctly, respectively.  
 Total Exam Score (Dependent Variable/Continuous Variable) – A summarized score 
based on clinical data manager responses to each exam question; a continuous 
variable.  
Innovative Aspects of the Study 
 
As previously noted, literature related to the Society for Clinical Data Management’s 
workforce is limited. Specifically, there are no published studies identified in the literature 
review of this study to suggest a previous examination of competency domains had occurred.  
To support increased inquiry into the clinical data management workforce, the researcher 
was provided with the Item Development Manual for the certification exam to exclusively 
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understand its composition and to guide the literature review. This strengthened the study’s 
ability to contribute to the clinical data management workforce literature. Although this was no 
indication of a relationship between SCDM and this independent study, a strong indication of the 
researcher receiving the Item Development Manual is that SCDM is now open to collaborating 
with educational researchers on activities that seek to strengthen the clinical data management 
workforce.  
The most innovative aspect of this study is its ability to use a psychometric test to 
identify the exam preparation needs of clinical data managers. By using a psychometric test to 
examine question reliability, a need for additional exam preparation in the competency 
associated with the exam question will be identified. 
Delimitations and Limitations 
 
The following delimitations and limitations in the study are presented below.  
1. The competencies of the Certified Clinical Data Manager ExamTM were examined 
because they offered a clear articulation of the profession’s scope and responsibilities. No 
other certification exams or competencies that support clinical data managers were 
identified in alignment of the work performed by clinical data managers.  
2. Only exam scores between January 1, 2011, and December 1, 2017, were analyzed. Exam 
scores before January 1, 2011, were not available for this study’s analysis.  
3. The researcher did not have access to the content of the exam questions and answers, 
preventing him from performing a distractor analysis test to identify issues associated 
with the way multiple-choice answers to each question were written.  
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4. Data imputation, as a competency of the design tasks competency domain, was not 
evaluated during this inquiry. While data imputation is a competency of the certification 
exam, it was not evaluated because it is not tested on the certification exam.  
5. The following competencies of the coordination and management tasks competency 
domain were not examined during this study because they are not tested on the 
certification exam.  
a. Coordinating site close-out  
b. Coordinating data archival 
Therefore, the results of this study’s analysis do not inform on these clinical data 
manager competencies. 
6. The personnel management competency domain and the training tasks domain are not 
tested in the certification exam. Therefore, this study did not examine the certification 
exam performance of competency domains.  
7. The researcher of this study is not a certified clinical data manager. A more thorough 
level of knowledge of each competency can be provided by actively participating in the 
certification exam preparation initiatives provided by SCDM. While the researcher of the 
study is not a certified clinical data manager, he is a coauthor of Zozus et al.’s (2017) 
identification and articulation of the certification exam competencies.  
8. The analysis of test questions using classical test theory is only applicable to those 
clinical data managers who took the exam because the statistical test used in this study 
are sample dependent. 
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Chapter I Summary 
 
 Clinical data managers hold a tremendous responsibility of managing data from clinical 
trials. With such a heavy focus on maintaining compliance with regulatory standards, clinical 
data management is designed to meet the practical needs of managing data from clinical trials. 
Zozus et al. (2017) offered a clear articulation of the competencies of the certification exam and 
the clinical data management profession to support a clinical data manager’s acquisition of the 
appropriate competencies. As a much needed extension to the current literature, this study sought 
to examine how clinical data managers are scoring in each of the exam’s contents areas. All of 
the elements of Chapter 1 are designed to understand the areas of the exam that clinical data 
managers struggle with.  As a result of the elements presented in Chapter 1, this study will 
provide an understanding of clinical data managers struggle with areas of the exam because of 
how the exam questions are written or because additional exam preparation was needed. 
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Chapter II: Literature Review 
 
A substantial amount of current and historical literature involving the roles, training, and 
competencies of clinical data managers is offered in this chapter. In addition, this chapter offers 
information to provide readers with an awareness level of understanding of clinical data 
managers’ competency domains by examining the competencies within each domain. This 
chapter’s discussion of the competency domains serves as an elaboration of the Society for 
Clinical Data Management’s articulation of the certification exam competencies.  
The Role of Clinical Data Managers 
 
The fundamental role of a clinical data manager is to manage data from clinical trials 
(Cassidy, 1993). This is a significant responsibility because of the sensitive nature of the human-
related data being collected and analyzed in a clinical trial. Additionally, the quality of the data 
produced from a clinical trial has a direct impact on the ability of a clinical trial to yield an 
accurate determination of the safeness and effectiveness of a new drug, device, or biologic (Lee, 
Bacchetti, & Sim, 2008). To produce high-quality data, clinical data managers are charged with 
producing data that is reliable, reproducible, and readily available to investigators (Cassidy, 
1993). This can be achieved through a clinical data manager’s ability to effectively use 
technology to advance the development spectrum from the initial phase of evaluating dosages 
through marketing of a Food and Drug Administration- approved drug, biologic, or device to 
potential consumers (Lu & Su, 2010). With a clinical data manager’s effective use of technology 
being potentially influenced by the amount of education and training received, there is significant 
value offered to understanding the competence of clinical data managers.   
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 The Profession’s Title. An important method of describing an individual’s role in a 
profession is by defining the profession in which the individual serves. This suggests the role of 
clinical data managers can be described in the context of the clinical data management profession 
itself. However, the clinical data management literature offers divergent descriptions of the 
profession. Some scholars and practitioners in the profession advocate that the profession should 
continue to hold the current title of “Clinical Data Management” (Lu and Su, 2010). Other 
scholars and practitioners in the profession advocate that the profession should be renamed to 
“Clinical Research Data Management” by using publications as a mechanism for reinforcing the 
need to ensure the work of the profession is reflected in the profession’s description and title 
(Zozus et al., 2017).While SCDM has not offered an official statement on this debate, SCDM 
continues to offer guidance in directing and expressing the profession’s breadth and scope by 
supporting efforts to clearly articulate the tasks performed by clinical data managers.  
Distinguishing Forms of Managed Data. Scholar and practitioner support for 
integrating the term “research” into the profession’s title is a strong reflection of the need to 
articulate the profession’s scope. Given the profession’s current title of “clinical data 
management,” the profession has traditionally been thought of by outside individuals as a home 
to facilitate professionals with broad interests in managing all forms of data from the clinical 
environment. However, this lay perspective is incorrect. The literature including Cassidy (1993), 
Krishnankutty et al. (2012), and Zozus et al. (2017), defined clinical data management’s role as 
exclusively managing data from clinical trials. While this is an accurate definition of the 
profession, this definition of clinical data management conflicts with the broad implications of 
the profession’s title of “Clinical Data Management” which suggests that clinical data managers 
manage all data from the clinical environment. However, there is a significant difference 
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between managing data from the clinical environment and managing data from clinical trials. 
Managing data from clinical trials is generally considered to be a research activity (Cassidy, 
1993). Managing data from the clinical environment is not generally a research activity because 
the data in a clinical environment is considered patient-level data that focuses on the status of a 
patient, treatment plan parameters, and/or patient outcomes (Phan, Quo, Cheng, & Wang, 2012). 
Therefore, managing data from the clinical environment is outside the actual scope of the clinical 
data management profession. Furthermore, managing data from the clinical environment is more 
closely associated with another profession, clinical informatics. Clinical informatics focuses on 
managing data from electronic medical record systems to improve the quality, safety, and 
effectiveness of patient care (Detmer & Shortliffe, 2014). Therefore, clinical informatics data’s 
focus is managing patient-level data from a clinical environment.  
With the profession of clinical informatics having such a clearly defined scope, the 
clinical data management profession is charged with emphasizing the importance of 
distinguishing the two professions. Integrating the term “research” into clinical data 
management’s title could reduce the broad implications of the current title of “clinical data 
management.” Consequently, the integration of the term “research” into the current title would 
emphasize a clinical data manager’s management of data from clinical trials, which is a research 
activity, as opposed to managing data from a clinical environment, which is generally considered 
not to be a research activity. Therefore, it would be appropriate for the professional society, 
scholars, and clinical data managers to support a conversion of the profession’s title from 
“clinical data management” to “clinical research data management” to align with the true scope 
of the profession.  
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Data Management Spectrum of a Clinical Trial. A clinical data manager’s role can 
also be described by examining the data management spectrum of a clinical trial. The data 
management spectrum focuses on the process of defining, making, and documenting 
observations and measurements through the processing and maintenance of the produced data. 
(Williams, Bagwell, & Zozus, 2017). The data management spectrum begins in the development 
phase with the conception of a study protocol (Pogash, Boehmer, Forand, Dyer, & Kunselman, 
2001). However, the final stage of the data management spectrum is different in clinical trials 
sponsored by academic health centers from clinical trials sponsored by the pharmaceutical 
industry. In academic-sponsored clinical trials, the data management spectrum concludes with 
the cleaning, analysis, and archiving of data (Pogash et al., 2001). While the results from the 
clinical trial data analysis in academic clinical trials can remain unpublishable for years, 
publications have traditionally been produced from the clinical trial data (Ahmed, Duerr, 
Gavenis, Hilgers, & Gross, 2014). Publications are significantly less undertaken in industry-
sponsored clinical trials (Montaner, O'Shaughnessy & Schechter, 2001). In industry-sponsored 
clinical trials, the data management spectrum concludes with the marketing of a new drug 
(Montaner et al., 2001).  
Conducting a clinical trial includes an array of tasks performed by professionals from 
other fields such as statistics, nursing, and medicine (Baer at al., 2011). However, much of the 
literature suggested that the management of data is one of the most significant components of 
conducting a clinical trial. A significant implication of the importance of data management is 
that one of the most important members of the clinical research team is the clinical data manager. 
A clinical trial’s heavy reliance on data is grounded in the need for the data to provide a 
recommendation for the approval or disapproval of a drug, biologic, or device and is an 
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indication of the value of a clinical data manager’s role. Williams et al. (2017) described the data 
management of a clinical trial as essential because of its role of supporting the scientific concept 
of reproducibility. Lu & Su (2010) suggested that clinical trial data is a key asset in supporting 
the effectiveness of a new drug. Gassman, Owen, Kuntz, Martin, & Amoroso (1995) suggested 
the value of good data management practices to a clinical trial is assuring quality through the 
detection and resolution of erroneous data. While the literature offers different perspectives 
regarding the value of clinical data management to the clinical research team, significant 
implications are provided by these perspectives on the value of the clinical data manager’s role.  
Each of these ideas related to the clinical data manager’s role aligns with an overarching theme 
regarding the broader role of the clinical data manager. This theme is best expressed by viewing 
the clinical data manager as a preserver of clinical data.  
History of Clinical Data Manager Competencies  
 
The competencies of clinical data managers have evolved significantly since the humble 
beginnings of the profession. In the late 1970s, clinical data managers were viewed as clerical- 
level employees because the tasks they performed were clerical-level tasks (Prokscha, 2012). 
However, the tasks performed by clinical data managers today are viewed as professional level 
tasks that require a highly evolved computational skill set (Prokscha, 2012). As a result of the 
evolution of the tasks performed by clinical data managers, the competencies of the profession 
have evolved to reflect the tasks that are performed. The history of clinical data management 
significantly preceded the late 1970s. The first clinical trial was recorded in the Bible around 562 
B.C.. The first recorded clinical trial was conducted by a military leader who instructed his 
people to only eat meat and drink wine. This clinical trial had a primary hypothesis which stated 
that people who followed a meat and wine diet would have good physical health. However, the 
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hypothesis was rejected because the findings indicated that people who continued vegetarian 
diets appeared to be in better health than the people who were on the meat and wine diet (Bhatt, 
2012).  
Although the individuals who managed the data in this clinical trial were likely not 
officially designated as clinical data managers, this trial fundamentally illustrated how collected 
data contributes to the findings of a clinical trial. Without data on the groups with different diets, 
a determination of meat and wine’s effect on health could not be ascertained. Consequently, 
Bhatt’s (2012) discussion of the first recorded clinical trial reinforced the importance of 
managing data from clinical trials. By reinforcing the importance of data management in a 
clinical trial, Bhatt offered a significant implication regarding the value of the clinical data 
manager to the outcome of a clinical trial.  
Poor management of data from a clinical trial presents significant risks to the 
stakeholders of a clinical trial (Johnson et al., 2016). Therefore, a clinical data manager’s 
competence in evidence-based data management practices is of significant importance (Reay & 
Sears, 2013). In terms of developing competence, this indicates that the amount and type of 
training in the clinical data management competencies could affect a clinical data manager’s 
ability to effectively manage data from a clinical trial. Consequently, there is an apparent 
relationship between a clinical data manager’s ability to effectively manage data from a clinical 
trial and the outcome of a clinical trial. This relationship has served as a motivating force 
throughout the evolution of the competencies of clinical data management. Beyond the 
profession’s biblical beginnings and grounding in clerical work lies a more evolved state of the 
profession that reflects the competencies that are needed for effective practice today. These more 
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evolved competencies have expanded to include additional topics such as informed consent, 
communication skills, and ethical responsibilities (Beller, 1996).  
Certified Clinical Data Management ExamTM Competencies 
 
Today, there are 592 individuals who have successfully completed the Certified Clinical 
Data Management ExamTM to become certified clinical data managers (Zozus et al., 2017). 
Through successful completion of the certification exam, these certified clinical data managers 
have displayed and adequate level of competence in the certification exam competencies. 
 Competencies are defined as some action that produces a result (Zozus et al., 2017).  The 
certification exam contains 91 individual competencies that each represent a task performed by 
clinical data managers in practice (Zozus et al., 2017). The 91 competencies are categorized by 
interrelated content into eight areas. These eight categories are called competency domains. 
Competency domains are defined as a group of interrelated competencies (Zozus et al., 2017).   
The eight competency domains of the certification exam are design tasks, training tasks, data 
processing task, programming tasks, testing tasks, personnel management tasks, coordination and 
project management tasks, and review tasks (Zozus et al., 2017). The training tasks and 
personnel management tasks competency domains are not tested on the certification exam.  
While only six of the eight competency domains are the focus of this study, all eight 
competency domains are a clear articulation of the certification exam competencies for several 
reasons. The first reason involves the number of certification exam competencies. Before the 
introduction of these clearly articulated competencies, the 2008 revision of the certification exam 
contained 26 competency domains. Twenty-six competency domains was a large number of 
competency domains in considering the goal of clearly articulating and measuring the 
competencies. The reduction of competency domains offered a more concise articulation of the 
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tasks performed by clinical data managers (Zozus et al., 2017). The second reason is that the 
eight competency domains were robustly validated through clinical data manager consensus in 
Zozus et al. (2017). As a method of gaining consensus on the job tasks performed by clinical 
data managers, Zozus et al. (2017) surveyed clinical data managers regarding what tasks they 
were performing in practice. This validation of the eight competency domains and the 91 
competencies contained within the domains was a strong approach to grounding the 
competencies of the certification exam in the actual work performed by clinical data managers. 
The Competency Domains 
 
 Design Tasks Competency Domain. The design tasks competency domain represents 
tasks performed by clinical data managers that are essential to the design of data management of 
a clinical trial. The design task competency includes about twenty-five percent of the total exam 
competencies. One competency in the design tasks competency domain is to define the data 
elements of a study (Zozus et al., 2017). A data element is the information that is of particular 
interest in a clinical trial such as patient demographics (Bruland et al., 2016). The data that is 
collected in a clinical trial is analyzed to produce a recommendation that is either in favor or 
against the effectiveness of a drug, biologic, or device (Lu, & Su, 2010). Therefore, a clinical 
data manager’s ability to define the data elements of a clinical trial is important because the data 
elements are the specific information that is collected to produce a recommendation for approval 
or disapproval.  
Another competency of this domain focuses on a clinical data manager’s ability to 
identify the data elements to be collected for reporting and analysis (Zozus et al., 2017). Data 
collection in a clinical trial comes from an array of potential sources. Of the potential sources, 
the most notable form of collected data results from primary data that is produced from the 
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methods or treatment employed in a clinical trial. Primary data collection in clinical trials is 
traditionally performed using pen and paper with some form of transcription taking place by 
clinical data managers (Cole et al., 2006). While primary data collection is the most notable, 
other methods of data collection are beginning to gain more attention. The reuse of data from 
electronic health records of patients is one of these other forms of data collection. Electronic 
health record data is information that was previously collected with the purpose of caring for 
patients in clinical environments such as hospitals (Richesson et al., 2013). Regardless of the 
form of data collection in a clinical trial, this indicates that clinical data managers must be able to 
look beyond the form of data collection at the data elements to make decisions that have the 
potential to impact the analysis and reporting of the data.    
Another competency in the design tasks domain is designing the actual data collection 
forms that are used in clinical trials. A data collection form in a clinical trial is called a case 
report form (Bellary, Krishnankutty & Latha, 2014). Clinical data managers use case report 
forms as a method of ensuring the quality and integrity of data that is collected and must 
collaborate with each member of the clinical research team to ensure that various data elements 
and needs are being collected and met. This collaboration includes designing the form based on 
the needs of the trial’s primary investigator, the statistician, and the study coordinator (Bellary et 
al., 2014). 
Creating an annotated case report form is another competency in the design task 
competency domain (Zozus et al., 2017). Annotation of the case report form is the process of 
assigning coded concepts or labels to each of the questions on the case report form (Huser, 
Sastry, Breymaier, Idriss & Cimino, 2015). A clinical data manager’s ability to create an 
annotated case report form is important because annotation organizes the data in preparation of 
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being stored in a large data repository (Huser et al., 2015). Without annotation, issues would 
arise regarding the organization and retrieval of stored data.  
Designing workflows and data flows are another competency in the of the design tasks 
competency domain. A workflow can be described as a process that diagrams the activities of a 
clinical trial ranging from the initial discussion with potential human subjects through treatment 
preparation and testing of the drug, device, or biologic (Carvalho et al., 2010). Subsequently, a 
data flow is traditionally represented by the data that is produced from each activity in the 
workflow processes (Sun & Zhao, 2013). Clinical data manager competency in designing 
workflows and data flows is fueled by two data collection mediums. Of the mediums, clinical 
data managers have the potential to collect data in both paper-based format and through using 
electronic systems (Haak, Samsel, Gehlen, Jonas, & Deserno, 2014). The offering of these two 
mediums of collecting data requires that clinical data managers have a strong understanding of 
the differences between the methods and of how these differences impact the design of 
workflows and data flows so that more effective decisions can be made in support of workflow 
and data flow design in a clinical trial. 
Writing and maintaining study procedures for clinical trials is also a competency of the 
design tasks competency domain (Zozus et al., 2017). Study procedures are a vital element of 
managing clinical trial data because procedures on topics such as how to handle missing data can 
influence conclusions drawn on the effectiveness of a treatment employed in a clinical trial 
(Wong, Boscardin, Postlethwaite, & Furst, 2011). Study procedures are particularly useful 
because of the ability to standardize the practices of a clinical trial. Therefore, a clinical data 
manager’s ability to write and maintain study procedures helps to ensure Cassidy’s (1993) goal 
of producing clinical trial data that is reliable, reproducible, and readily available.  
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Another competency of the design tasks competency domain is a clinical data manager’s 
ability to write and maintain a data management plan (Zozus et al., 2017). Data management 
plans provide details on all the data-related tasks that have to be performed in a clinical trial to 
effectively manage the trial’s data (Brand et al., 2015). The data management plan includes 
details on how data is collected, assessed for quality assurance, and transformed for archival 
(Brand et al., 2015). In addition, the data management plan includes a description of how the 
collected data is to be treated during and after the study (Brand et al., 2015). Given the nature of 
the data management plan as a comprehensive overview of how clinical data is maintained, 
clinical data managers must conceptualize how a clinical trial is designed to write and maintain a 
plan for managing the data it produces.  
Specifying database tables is another critical competency of the design tasks competency 
domain (Zozus et al., 2017). In the context of a clinical trial, a database is a structured set of 
information that is produced from the collection techniques that are being used. A strong 
example of a database is a spreadsheet. Databases store information for additional processing 
(Pogash et al., 2001). Database tables exists within databases to allow the information to be 
relationally identified. Each table is composed of rows and columns to serve as the method for 
identification (IBM Knowledge Center, 2017). A database table’s relational nature suggests that 
there is a need for clinical data managers to be competent in a relational programming language 
such as Structured Query Language (SQL). Therefore, competence in a programming languages 
will support a clinical data manager’s ability to specify database tables.  
Specifying data entry screens is another valuable competency of the design tasks 
competency domain (Zozus et al., 2017). Specifying data entry screens involves a strong 
understanding of human computer interaction including an awareness of psychology (Ngo & 
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Byrne, 2001). This understanding of human computer interaction supports a clinical data 
manager’s ability to create data entry screens for individuals who complete documents such as 
case report forms. In specifying data entry screens, the reduction of errors was noted as an 
important consideration (Ward et al., 2012). This suggests that clinical data managers should 
seek to improve data entry errors. Electronic data capture technologies have been proven to 
reduce data entry errors and support competence in specifying data entry screens (Walther et al., 
2011). These ideas of supporting the specification of data entry screens are consistent with a 
clinical data manager’s role of producing high-quality clinical trial data as noted in the GCDMP. 
Specifying edit checks is another competency of the design tasks competency domain 
(Zozus et al., 2017). After data has been collected, the clinical data manager has some additional 
responsibilities related to managing the data that includes conducting edit checks: a process for 
making corrections to the data that has been collected (Prokscha, 2012). This process of cleaning 
and validating data is essential to evaluating the safety and effectiveness of a drug in a clinical 
trial (Pomerantseva & Ilicheva, 2011). Therefore, clinical data managers have to be competent at 
specifying edit checks.  
Specifying reports is also a critical element of the design tasks competency domain 
(Zozus et. al., 2017). There are two categories of reports that are generated by clinical data 
managers: standard reports and ad-hoc reports. Standard reports are documents that are generated 
based on the common needs of the clinical trial. Standard reports have the central purpose of 
being used repeatedly because they generally include information that is valuable to many 
different members of the clinical research team. Ad-hoc reports are documents that are built by 
clinical data managers to provide information related to specific inquires that are outside of the 
standard requests. These two categories of reports are produced by clinical data managers to 
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assist in evaluating the efficacy of the treatment at the focus of the clinical trial (Prokscha, 
2012).  
Writing data transfer specifications is another competency of the design tasks 
competency domain (Zozus et al., 2017). Data transfers involve the copying and sending of 
collected data to internal and external stakeholders (Prokscha, 2012). This process presents a 
significant need for clinical data managers to be able to collaborate with stakeholders and 
includes specifying mediums for carrying out the transfer (Prokscha, 2012). Therefore, a clinical 
data manager’s ability to make data transfer decisions supports his/her ability to write data 
transfer specifications.  
Writing and maintaining standard operating procedures for a clinical trial is also a 
competency in the design tasks competency domain (Zozus et al., 2017).  Standard operating 
procedures are a set of concise directions for operating a clinical trial (Sajdak, Trembath, & 
Thomas, 2013). Standard operating procedures are essential to the plan for how a clinical trial’s 
sponsor will obtain a determination of the drug efficacy of the treatment that is at the focus of the 
clinical trial (Sajdak et al., 2013). This indicates a high level of importance to the work 
performed by clinical data managers. Therefore, a clinical data manager’s ability to write and 
maintain standard operating procedures is critical to the work of clinical data managers.  
Selecting, implementing, and developing data standards and organizational data standards 
for a clinical trial are also components of the design tasks competency domain (Zozus et al., 
2017). Data standards are standard procedures for ensuring the consistency of how data is 
managed across the clinical trial (Prokscha, 2012). Consistent standards are offered in sharing 
meaning between various information systems (Data Standards and Terminology Standards for 
Information, 2017). Therefore, clinical data managers must make decisions about data standards 
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ranging from defining standard structures to determining the extent to which each data standard 
should be applied in the clinical trial (Prokscha, 2012).  
Responding to audit findings is another competency of the design tasks competency 
domain. Audits of clinical trial data are conducted for several reasons. These reasons include 
assessing the quality of the collected data, fraud detection, and mitigating poor data management 
practices (Shepherd, Shaw, & Dodd, 2012). The most significant source of motivation for 
conducting and responding to data audits in clinical trials results from incidents of scientific 
fraud that have occurred throughout history (Weiss & Tuttle, 2006). In preventing fraud and 
ensuring strong data management practices, determining acceptable error rates is a primary focus 
of the clinical data manager. If error rates are not within acceptable limits, the clinical trial may 
be stopped until it can be supported by more effective data quality procedures (Shepherd et al., 
2012). Therefore, a clinical data manager’s ability to respond to the data audit of a clinical trial is 
essential to the continuance of the clinical trial.  
Writing a completion guide for a case report form is another competency of the design 
tasks competency domain (Zozus et. al., 2017). A case report form completion guide is a manual 
that provides detailed instructions for assisting a clinical trial’s investigator with completing the 
case report form. Each clinical trial requires a completion guide to be written for it so that is 
aligns with the specific data collection needs of the clinical trial (Bellary et al., 2014). A well 
written completion guide strengthens many other areas of data management for the clinical trial 
such as data analysis (Moon, 2006). Therefore, the value of writing a completion guide for a case 
report form is supported by the literature as a competency for clinical data managers.  
Clinical data managers must also be competent in defining in-process data quality control 
procedures that are grounded in the notion that time is valuable in a clinical trial (Kraak and de 
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Neef, 1993). Clinical trials require significant investments of time (Ahmed et al., 2014). Defining 
in-process quality control procedures provide a means of assessing the validity of data while the 
trial is actively being conducted and is offered as an alternative to waiting until after the clinical 
trial to assess the quality of clinical trial data (Kraak and de Neef, 1993). Therefore, errors and 
other issues involving data can be identified and addressed before the conclusion of a clinical 
trial (Kraak and de Neef, 1993). A clinical data manager’s competence in defining in-process 
quality control procedures has a potentially strong impact on reducing errors and other impacts in 
managing data for a clinical trial.  
As another competency of the design tasks competency domain, clinical data managers 
must write test plans (Zozus at al., 2017). There are various components of managing data for 
clinical trials such as the design of data entry screens and case report forms. The clinical data 
manager is responsible for managing all components of the data management process 
(Krishnankutty et al., 2012). These components could be useless to the data management of a 
clinical trial without undergoing testing. The focus test plans is to ensure the accuracy of 
components such as data entry screens and tables (Krishnankutty et al., 2012). Without testing 
the effectiveness of the components used to collect data, there is a potentially negative effect of 
the storage of the data. Therefore, clinical data manages must be able to write test plans that 
effectively ensure the quality of stored data.  
Providing content for project communication is the final competency of the design tasks 
competency domain (Zozus et al., 2017). This competency is used by clinical data managers to 
communicate clinical trial goals, documentation, and other materials in support of conducting a 
clinical trial (“Good Clinical Data Management Practices”, 2013). Information on project 
communication components are developed into an official communication plan for a clinical trial 
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(“Good Clinical Data Management Practices”, 2013). Competence in this area is supported by a 
clinical data manager’s broad knowledge of the data management spectrum of a clinical trial.  
 Training Tasks Competency Domain. The training tasks competency domain contains 
about three percent of the total competencies of the certification exam. In many clinical research 
environments, clinical data management teams are home to several positions. These positions 
include database programmers, quality controls associates, and medical coders (Krishnankutty et 
al., 2012). However, clinical data managers oversee the entire clinical data management 
operation (Krishnankutty et al., 2012). The first competency of this training task competency 
domain is training data collectors. In addition to the involvement of data management team 
members, several other individuals have to be trained in collecting data. In clinical trials that 
employ epidemiologic observations, it is common for human subjects to complete data collection 
forms without being interviewed by a member of the clinical research team (Saczynski, 
McManus, & Goldberg, 2013). Therefore, a human subject’s independence in completing a data 
collection form suggests a need for training human subjects in clinical trials. In considering a 
clinical data manager’s comprehensive responsibility to the full data management spectrum, 
clinical data managers must possess the ability to train other individuals to collect data for the 
clinical trial. 
 Training data system users is another important competency of the training tasks 
competency domain (Zozus et al., 2017). A common goal of clinical trials is to support a move 
towards user-friendly data systems as discussed by Durkalski, Wenle, Dillon, and Kim (2010). 
The needs of data systems users are heavily considered in making decisions on what systems to 
employ in a clinical trial (Durkalski et al., 2010). Data systems users include other members of 
the clinical trial team and the human subjects who participate in the clinical trial. Factors such as 
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values, attitudes, and technical systems should be given significant attention when determine 
system adoption and training needs (Vaziri et al., 2016). Therefore, clinical data managers must 
serve as translators for data system users.  
 Training other clinical data managers is another competency of the training tasks 
competency domain (Zozus et al., 2017). Of the competencies in the training tasks competency 
domain, training other clinical data managers is the most underrepresented task in the literature. 
About 20 years ago, there was a dramatic shift in the tasks performed by clinical data managers. 
This shift in tasks transitioned the nature of the clinical data manager’s work from highly 
administrative tasks such as collating collected data to highly scientific tasks such as designing 
data management models (Beller, 1996). Subsequently, this shift in the nature of the work placed 
a high level of importance on training clinical data managers in the scientific nature of the 
profession’s work. As a result of this shift, this competency offers a significant amount of 
support for ensuring other clinical data managers are trained.  
 Data Processing Tasks Competency Domain. The data processing tasks competency 
domain represents tasks performed by clinical data managers that are essential to the 
management of clinical trial data. The data processing tasks competency domain includes about 
twenty-one percent of the total exam competencies. The first competency of this competency 
domain focuses on a clinical data manager’s ability to collect data (Zozus et al., 2017). A clinical 
data manager’s competence in collecting data is based on the ability to obtain missing lab range 
data. Lab range data is information collected through the use of local laboratories to access the 
most up-to-date information on the status of human subjects in a clinical trial (Snelling, 2008). 
Local labs are used because larger, central labs are frequently met with delays in processing 
results (Snelling, 2008). To obtain missing lab range data, clinical data managers use case report 
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forms to record the normal ranges from the local laboratory (Snelling, 2008). Subsequently, 
clinical data managers must match the local laboratory’s normal lab results to the lab results of 
the each subjects (Snelling, 2008). 
 Entering data is another competency of the data processing tasks competency domain 
(Zozus et al., 2017). Clinical data managers and data entry staff hold the responsibility of 
verifying that completed case report forms have been received (Krishnankutty et al., 2012). After 
case report forms are completed, manual data is entered into a computer (Bellary et al., 2014).  
Subsequently, loading data into a database is another competency of the data processing tasks 
competency domain (Zozus et al., 2017). The value of a clinical data manager’s competence in 
loading data is grounded in the need to handle electronic data appropriately (“Good Clinical Data 
Management Practices”, 2013). As a best practice, loading data requires the utilization of 
descriptive and organization schemes (“Good Clinical Data Management Practices”, 2013). A 
significant responsibility of entering and loading data into a database involves performing a data 
comparison of descriptive and organization schemes to identify errors (“Good Clinical Data 
Management Practices”, 2013). This presents a significant challenge to clinical data managers in 
developing the competence required to carry out such a complex task.  
 Linking and integrating data is another competency of the data processing tasks 
competency domain (Zozus et al., 2017). Linking and integrating data from different sources 
addresses the difficulty faced by many clinical research teams in working with data from 
multiple systems. Producing high quality clinical trial data requires clinical data managers to 
streamline data so that data can be shared and linked between multiple systems (de Mul et al., 
2012).  
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 Reconciling data is another competency of the data processing tasks competency domain 
(Zozus et al., 2017). A significant portion of reconciling data involves a clinical data manager’s 
ability to understand how the collected data of a clinical trial translates into practice (“Good 
Clinical Data Management Practices”, 2013). These items could include the protocols for 
conducting a clinical trial, identifying randomization numbers that are assigned to human 
subjects, and diagnosis (“Good Clinical Data Management Practices”, 2013). In addition, clinical 
data managers must unite the regular clinical trial data with serious adverse event data (“Good 
Clinical Data Management Practices”, 2013), that is, any information relating to an unfortunate 
drug reaction experienced by a human subject that results from the testing of a drug in a clinical 
trial (Lu, 2010). Given the impact of these forms of data on determining the safety and efficacy 
of a drug, clinical data managers are charged with ensuring these types of data are reconciled 
with the larger populated of collected data.  
 Transforming data is another competency of the data processing tasks competency 
domain (Zozus et al., 2017). For the purpose of ensuring that data can be pooled across clinical 
trials, data is converted into numerical values between zero and one to normalize data that is 
collected in labs (“Good Clinical Data Management Practices”, 2013), allowing clinical data 
managers to perform lab unit conversions. In addition, transforming clinical trial data has a 
connection with another competency in the data processing tasks domain: the coding of data. In a 
clinical trial, data is collected in many forms including allowing human subjects to answer 
questions openly using any words. This information is considered free text data. The most 
common forms of free text data is related to adverse events, medication, and diagnoses. Clinical 
data managers are charged with going through free text data and grouping together similar words 
to code the data (Prokscha, 2012). This process of coding data can be completed through one of 
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two avenues: auto-coding or manual coding. Auto-coding records the free text term 
automatically in the system if the terms matches a term that exists in the dictionary. Manual 
coding is performed when the auto-coding process does not identify a match between the free 
text term and a term in a dictionary (Babre, 2010).  
Identifying data discrepancies is another competency of the data processing tasks 
competency domain (Zozus et al., 2017). Data discrepancies are irregularities in clinical trial data 
that need additional attention to resolve. These investigations are generally conducted by a 
clinical data manager’s use of some form of a discrepancy management system to identify and 
track errors in collected data (Prokscha, 2012). Therefore, querying sites to resolve data 
discrepancies is another significant competency of the data processing tasks competency domain 
(Zozus et al., 2017). After data discrepancies are identified, querying the data collections sites of 
the clinical trial is required because additional information has to be gathered or verified by 
individuals at the sites in which initially collected the data. (Prokscha, 2012). Once sites are 
queried, corrections are generally reflected in the database to “clean” the data. These database 
updates are another competency of the data processing tasks domain (Zozus et al., 2017). 
Managing data discrepancies is described as the most critical component of managing clinical 
trial data (Krishnankutty et al., 2012). To produce high quality data in clinical trials, clinical data 
managers are charged with reducing discrepancies in collected data (Cassidy, 1993). Managing 
data discrepancies are highly important (Krishnankutty et al., 2012). Given the value of 
managing data discrepancies, clinical data managers must acquire this competency to achieve a 
clinical trial’s goal of producing high-quality clinical trial data. The importance of reducing data 
discrepancies can be observed in the multiple approaches employed to capture and reduce errors. 
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Conducting manual data listing reviews is another competency of the data processing 
tasks competency domain (Zozus et al., 2017). Manual data listing reviews are reviews of data 
that occur during the final stages of the clinical trial and are designed to provide a review of data 
when the data is more complete (Prokscha, 2012). A more complete review of the data could 
provide more complete information on the safety and efficacy of the drug, biologic, or device at 
the focus of a clinical trial.  
Managing data system accounts is another competency of the data processing tasks 
competency domain (Zozus et al., 2017). User access to clinical trial data systems is an important 
function. Clinical data managers generally supervise all of the data management operations of a 
clinical trial including data entry including supervising the members responsible for entering 
clinical trial data (Krishnankutty et al., 2012). Therefore, it is highly appropriate for clinical data 
managers to administer user access to the data systems used in clinical trials. Access to human 
subject data in a clinical trial is granted and revoked for various reasons during a clinical trial 
(“Good Clinical Data Management Practices”, 2013). 
Archiving clinical trial data is another competency of the data processing tasks 
competency domain (Zozus et al., 2017). Archiving clinical trial is crucial to the conduct of a 
clinical trial and involves the identification and storage of clinical trial data (Brand et al., 2015) 
Archiving data from clinical trials is heavily guided by the standard operating procedures of a 
clinical trial (Prokscha, 2012). The data archiving process outlines the storage of case report 
forms, the signed copies of informed consent forms, and other clinical trial related documents. It 
offers value to a clinical trial because it supports audits and other requests from stakeholders of a 
clinical trial as well as tracking and reporting the status of clinical trial data to develop and 
manage tools that are often used to account for missing case report forms (Prokscha, 2012). 
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Applying randomization codes is another competency of the data processing tasks 
competency domain (Zozus et al., 2017). In some clinical trials, human subjects are randomly 
assigned to different groups (Singh, 2014). In basic clinical trials, there are two groups: the 
treatment group and the referent group (control group). Of the two groups, one group receives 
the clinical trial’s treatment while the other group serves as a reference point. The process of 
randomly assigning human subjects to different groups is valuable because of the potential effect 
of both known and unknown risks on the outcomes of a clinical trial (Efird, 2010). This process 
of randomization maximizes the effectiveness of comparing the two groups (Rosenkranz, 2011). 
Clinical data managers are responsible for maintaining identification codes for each human 
subject before and after each subject is assigned to one of the groups (“Good Clinical Data 
Management Practices”, 2013). In maintaining the identification codes, clinical data managers 
often restrict this information from the human subjects and the clinical trial’s investigator to 
allow the human subjects and the investigators to make objective decision related to the 
effectiveness of a drug (Rosenkranz, 2011).  
Programming Tasks Competency Domain. The programming tasks competency 
domain represents tasks performed by clinical data managers that are essential to conducting the 
data management of clinical trials. The programming tasks competency domain includes about 9 
percent of the total exam competencies. The first competency of the programming tasks 
competency domain focuses on a clinical data manager’s ability to program database tables 
(Zozus et al., 2017). As a function of clinical data management, clinical trial databases are 
developed in preparation for data collection (Krishnankutty et al., 2012). The data elements of a 
clinical trial database are diverse. Therefore, the diversity of the data collected in clinical trials 
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should be considered during the programming of clinical trial database tables to illustrate the 
collected data (Kong et al., 2011).  
Programming data entry screens is another competency of the programming tasks 
competency domain (Zozus et al., 2017). Data entry screens are simply computerized versions of 
a clinical trial’s case report form (Prokscha, 2012). A significant component of programming 
data entry screens is the ability to consider the needs of the data entry screens’ users. Generally, 
members of the clinical trial team use data entry screens as a method of entering data as quickly 
as possible and often do not look up at the screen as they are typing (Prokscha, 2012). This 
suggests that clinical data managers have to consider that design and structure of the forms 
support a data entry person’s minimal visual interaction with the data entry screen. Alternatively, 
color, shape, and tone of the data entry screen design are also factors that should be considered 
(Ngo & Byrne, 2001). These considerations to screen design suggests that some data entry 
personnel visually interact with data entry screens heavily. In considering both perspectives, 
there is an indication that clinical data managers must possess the ability to program well-
organized data entry screens to meet the varying needs of users (Prokscha, 2012).  
Programming edit checks is another competency of the programming tasks competency 
domain (Zozus et al., 2017). Programming edit checks can be described as a process for making 
corrections to collected data and is one of the most traditional roles in the clinical data 
management profession. In programming edit checks, clinical data managers seek to validate 
data that has been collected for the purpose of confirming responses to the data elements. 
Without effective programming of edit checks, clinical data managers could cause 
biostatisticians to draw inaccurate conclusions during the analysis of the clinical trial data 
(Gupta, 2008). 
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Programming reports is another competency of the programming tasks competency 
domain (Zozus et al., 2017). Clinical data managers program standard reports based on the 
common needs of the clinical trial such as providing details on missing lab data form the clinical 
trial database (Prokscha, 2012). Programming reports related to clinical trial data requires the 
extraction and subsequent analysis of clinical trial data using manual data extraction or 
automated data extraction techniques. Manual data extraction is the most frequently used method 
of extracting data but it is significantly more time consuming in comparison to automated data 
extraction (Hebal et al., 2017). Therefore, programming data extractions are another competency 
of this domain.  In automated data extraction, clinical data managers build systems that 
automatically pull data from an information system such as electronic health record into a 
spreadsheet without any manual actions required by clinical data managers (Hebal et al., 2017).          
Regardless of the form of data extraction, significant consideration should be given to the data 
extraction procedures and how the data is extracted to support the reporting of clinical trial data 
(Moeyaert, Maggin, & Verkuilen, 2016).  
Programming ad hoc queries is another competency of the programming tasks 
competency domain (Zozus et al., 2017). Ad hoc reports are drafted in support of fulfilling 
reporting request from stakeholders of a clinical trial (Prokscha, 2012). The programming of ad 
hoc queries generally provides information related to medications used in the clinical trial, a 
patient’s adverse reactions to medications, and other information on how a clinical trial’s time is 
allocated to various stages (Deshpande, Brandt, & Nadkarni, 2002). Therefore, competence in 
programming ad hoc reports is of strong value to clinical data managers.  
Programming data imports is another competency of the programming tasks competency 
domain (Zozus et al., 2017). Programming data imports is a comprehensive function that requires 
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the use of knowledge from various area of data management. In the context of managing clinical 
trial data, programming data imports refers to the loading of control files which directs the 
movement of data from one location to another within a database (“Oracle9i Database Online 
Documentation”, 2017). As with most clinical data management functions, the process of 
loading control files is specific to each clinical trial (“Good Clinical Data Management 
Practices”, 2013). Loading a control file requires the use of a programming language to 
communicate the instructions (Oracle9i Database Online Documentation, 2017). Therefore, a 
clinical data manager’s knowledge of programming languages supports the programming of data 
imports.  
Programming data transformations is also a competency of the programming tasks 
competency domain (Zozus et al., 2017). The goal of programming data transformations is to 
align free-text data with standardized dictionary terms (Prokscha, 2012) and is generally 
recorded on the case report form to support conclusions that are drawn either in support or 
opposition to the effectiveness of a drug (Rondel, Varley, & Webb, 2002). Therefore, a clinical 
data managers programming of data transformations is supported by an understanding of 
standard data definitions and manipulation processes.  
Testing Tasks Competency Domain. The testing tasks competency domain represents 
tasks performed by clinical data managers that are essential to the testing of the data 
management components of a clinical trial. The testing tasks competency domain contains about 
seven percent of the total exam competencies. As articulated by the GCDMP, this process 
involves conducting User Acceptance Tests (UAT) to confirm that clinical trial software, 
systems, and documents are designed to carry out its intended purpose (“Good Clinical Data 
Management Practices”, 2013). This testing and documentation of the outcomes of the 
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performed tests focus on a clinical data manager’s competence in conducting UATs in six areas: 
testing database tables, data entry screens, load programming, transform programming, edit 
checks, and reports (Zozus et al., 2017).  
Coordination and Management Tasks Competency Domain. The coordination and 
management tasks competency domain represents tasks performed by clinical data managers that 
are essential to facilitating the management of clinical trial data. The coordination and 
management tasks competency domain contains about twenty-one percent of the total 
competencies (Zozus et al., 2017). The first competency of this domain is the coordination of 
data management projects and is heavily associated with two other competencies of this domain: 
the running of data management meetings and preparing presentations. Competence in managing 
projects is an essential component of a clinical trial (Haque, 2010). Clinical data managers 
oversee the project management functions of a clinical trial and are responsible defining the 
scope, timelines, and priorities of a clinical trial’s data management (“Good Clinical Data 
Management Practices”, 2013). These competencies shifts the role of the data manager from 
being purely a manager of data to also being a manager of the tasks carried out by other members 
of the clinical data team (“Good Clinical Data Management Practices”, 2013). 
Vendors of clinical trials are individuals or entities that provide services to support the 
conduct of a clinical trial (“Good Clinical Data Management Practices”, 2013). Clinical data 
managers must maintain good relationships with vendors to facilitate the vendor’s providing of 
data services (Johnson, Kanagali, & Prabu, 2014) and clinical data managers must provide 
oversight to vendors from contract signing until the close of the clinical trial (Johnson et al., 
2014). Therefore, it is appropriate for a clinical data manager’s management of vendors to be 
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another competency of the coordination and management tasks competency domain (Zozus et 
al., 2017). 
Projecting the workloads of the clinical data management team is another competency of 
the coordination and management tasks competency domain (Zozus et al., 2017). A significant 
struggle within clinical trials is the even distribution of the workload (James et al., 2011). 
Furthermore, reducing the workload of clinical data managers should be a significant goal 
(Gaddale, 2015). In addressing the workload of the clinical data management team, clinical data 
managers are presented with two options: reduce or reprioritize the workload of the team 
(Rondel et al., 2002). Therefore, clinical data managers must be competent at projecting the 
workloads of clinical data management team members.  
The coordination and start-up of data management systems is another competency of this 
domain (Zozus et al., 2017). The start-up of data management systems is the most challenging 
issue in the data management of a clinical trial because of changing technology (Krishnankutty et 
al., 2012). In managing clinical data, the integration of various systems is a strong focus (“Good 
Clinical Data Management Practices”, 2013). Two of the important systems at the focus of this 
integration are the systems that capture a clinical trial’s electronic data and the existing database 
system being used (“Good Clinical Data Management Practices”, 2013). In addition, one 
database system may not meet all the needs of a clinical trial (Lee et al., 2015). Therefore, 
clinical data managers must possess the ability to start-up and coordinate the data management 
systems for a clinical trial.  
Coordinating data collection is another competency of the coordination and management 
tasks domain (Zozus et al., 2017). The primary focus of a clinical data manager’s ability to 
coordinate data collection is the identification and resolution of case report form issues (“Good 
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Clinical Data Management Practices”, 2013). The case report form collects data that is specific 
to each clinical trial (Bellary et al., 2014). A poorly designed case report form can cause issues 
such as poor quality clinical trial data (“Good Clinical Data Management Practices”, 2013). 
Consistent design of case report forms throughout the clinical trial is a strategy for combatting 
data collection issues associated with the case report form (Bellary et al., 2014). Therefore, 
clinical data managers have to be able to utilized similar strategies to coordinate data collection 
issues by identifying and resolving case report forms issues.  
 Coordinating the data cleaning process is another competency of the coordination and 
management tasks domain (Zozus et al., 2017). The purpose of the data cleaning process is to 
enhance the quality of the data that is collected by identifying and correcting errors in the 
collected data (Van den Broeck, Cunningham, Eeckels, & Herbst, 2005) and ensure the validity 
of the data and the accuracy of conclusions that are drawn from the analysis of the data 
(Pomerantseva & Ilicheva, 2011). Therefore, clinical data managers have to possess the ability to 
make decisions in favor of ensuring the quality of the collected data.  
Coordinating the data transfer process is another competency of the coordination and 
management tasks competency domain (Zozus et al., 2017). Data transfers involve the copying 
and sending of collected data to internal and external stakeholders for the purpose of being 
analyzed or reviewed (Prokscha, 2012) and are generally regulated by rigorous strategies 
designed to protect the data from unauthorized access (“Good Clinical Data Management 
Practices”, 2013). These rigorous strategies often require clinical data managers to use metrics 
and checklists for coordinating data transfers (Prokscha, 2012).  
 Coordinating the locking of the clinical trial database is another competency of the 
coordination and management tasks competency domain requiring clinical data managers to 
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digitally lock the clinical trial database by removing all user access to the database (Prokscha, 
2012). A clinical data manager’s locking of the database begins by ensuring that all data 
collection has been completed and that all of the data related activities of the clinical trial have 
been completed (Pomerantseva & Ilicheva, 2011). After the database has been locked, the 
analysis of the clinical trial’s data is initiated. During the analysis of a clinical trial’s data, it is 
not uncommon for biostatisticians or others to identify errors in clinical trial data (Prokscha, 
2012). Certain members of the clinical research team are able to correct errors and modify the 
data after the locking process occurs (Krishnankutty et al., 2012). Therefore, clinical data 
managers must serve as coordinators of database locking and unlocking.  
The tracking of study data metrics is another competency of the coordination and 
management tasks competency domain (Zozus et al., 2017). A list of predetermined actions for 
managing clinical trial data are generally established before a clinical trial begins (“Good 
Clinical Data Management Practices”, 2013) and are detailed in the data management plan of the 
clinical trial (Krishnankutty et al., 2012). Consequently, clinical data managers hold the 
responsibility of tracking the status of each of the data management actions detailed in the data 
management plan. Given that data management plans provide the details of a clinical trial’s data 
management, understanding and defining the scope of work is another competency of the 
coordination and management tasks competency domain. Thus, clinical data managers focus on 
the administration of these tasks to ensure shifts and changes in the functions are mitigated. As a 
result, clinical data managers identify risks to the to the clinical trial’s project timeline. Thus, it is 
highly appropriate that identifying and communicating these identified risks is another 
competency of the coordination and management tasks competency domain (Zozus et al., 2017). 
46 
 
Preparing for and hosting audits of clinical trial data is another competency of the 
coordination and management tasks competency domain (Zozus et al., 2017). This competency 
refers to a clinical data manager’s ability to translate a clinical trial’s data management plan and 
protocol into practice. External and internal audits of clinical trial data and processes support 
quality assurance of the collected data (Shepherd et al., 2012). Hence, a clinical data manager’s 
ability to effectively respond to the data audit of a clinical trial is heavily grounded in preparation 
activities. Subsequently, the quality of the data collected from a clinical trial is ensured. 
Review Tasks Competency Domain. The review tasks competency domain represents 
tasks performed by clinical data managers that are essential to facilitating the management of 
clinical trial data. The review tasks competency domain contains eleven percent of the total exam 
competencies (Zozus et al., 2017). The first competency of this domain is reviewing a clinical 
trial’s study protocol (Zozus et al., 2017). Study protocols guide the operational conduct of a 
clinical trial (Prokscha, 2012) and ensure the correct data is being captured during a clinical trial 
(Lu & Su, 2010). In particular, clinical trial protocols are a significant source of support for the 
evaluation of a clinical trial’s ethical conduct (Li et al., 2016). This support is grounded in the 
components of the clinical trial protocol. The components of a clinical trial protocol include an 
overview of trial design, informed consent procedures, and information related to financial 
incentives for a subject’s participation in the clinical trial (Li et al., 2016). The goal of the review 
is to minimize deviations from the study protocol. If deviations are identified, clinical data 
managers must take corrective action to adjudicate the discrepancy.  
Verifying source documents is another competency of the review tasks competency 
domain (Zozus et al., 2017). Verifying source documents is the process authenticating clinical 
trial data that is ready for analysis by comparing it with the original documents in which the data 
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was collected (Sheetz et al., 2014). A clinical data manager’s verification of source documents is 
valuable to the conduct of a clinical trial because the process confirms that the clinical trial was 
operationalized in ways that align with the study protocol, the standards articulated by the GCP, 
and FDA regulations (Mealer et al., 2013). Hence, clinical data managers have to possess the 
ability to conduct the source verification process to ensure data quality.  
A clinical data manager’s competence in reviewing tables, listings, and figures is also 
included in the review tasks competency domain (Zozus et al., 2017). Source documents are 
transcribed to the clinical trial database (“Good Clinical Data Management Practices”, 2013).  
Database store data from source documents for additional processing (Pogash et al., 2001). 
Table, listings, and figures containing clinical trial data are produced to support the final clinical 
trial report after the clinical trial database have been locked (“Good Clinical Data Management 
Practices”, 2013).  Therefore, there is a significant need for the clinical data manager to conduct 
reviews to ensure accuracy.  
 Auditing database quality is another competency of the review tasks competency domain 
(Zozus et al., 2017). Auditing database quality is an accuracy check conducted on manually 
entered clinical trial data (Prokscha, 2012). Information provided by an audit tracks corrections 
that are made to clinical trial data (Hulley, Cummings, & Browner, 2015) and creates an audit 
trail to support the identification of data errors (Krishnankutty et al., 2012). Clinical data 
managers perform audits of these processes to support the goal of producing high-quality clinical 
trial data.  
  Reviewing the work of other individuals is also a competency of the review tasks 
competency domain (Zozus et al., 2017). The individuals at the focus of a clinical data 
manager’s review of work are vendors, data processors, and junior clinical data managers (Zozus 
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et al., 2017). Managing vendor relationships requires consistent reviews of vendor work to 
identify areas of improvement (Johnson et al., 2014). In addition, reviewing the work of data 
processors and junior clinical data managers aligns with the GCDMP’s concept of management 
oversight. The concept of management oversight indicates that constructive criticism improves 
the management of a clinical trial data activities (“Good Clinical Data Management Practices”, 
2013). Therefore, clinical data managers should seek to gain competence in reviewing the work 
of others.  
Clinical Data Management Training in Competencies 
 
 As evident by the lack of publications, the training of clinical data managers is 
significantly under-examined. Considering the critical role of the data manager in managing data 
from clinical trials, the lack of information related to training clinical data managers is a natural 
concern. Literature related to training other members of the clinical research team exists in 
abundance. For clinical trial investigators, training on protecting the confidentiality, rights, and 
integrity of human subjects is plentiful. As expressed by the international standards of Good 
Clinical Practice (GCP), a strong example of clinical trial investigator training can be observed 
in Arango et al. (2016). The literature also offers an abundance of information on the training of 
clinical trial nurses. Of these three common members of clinical research teams, clinical trial 
nurses and clinical data managers spend a significantly larger amount of time preforming 
responsibilities related to managing a clinical trial. Baer, Zon, Devine, and Lyss, (2011) noted 
that clinical data managers contribute to more than 30 percent of the total time and effort 
required to conduct a clinical trial compared to an investigator’s investment of only nine  
percent. With such a significant investment of time and effort spent managing a clinical trial, 
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there is a strong expectation for increased investigations into the training of clinical data 
managers.  
 There are substantial indications in the existing literature, that formal degree programs 
are not the primary source of training for clinical data managers. On-the-job training and other 
employer-sponsored training programs serve as the primary mechanisms for imparting clinical 
data managers with the competencies required for completion of the responsibilities of managing 
clinical trial data. Zozus et al. (2017) noted that clinical data managers in academic-sponsored 
and industry-sponsored clinical trials are produced from training or apprenticeships hosted by the 
institutions in which a clinical data manager serves. Baer et al. (2011) indicated that training 
modules are used as a training method. These perspectives support the emergence of a theme 
which suggests clinical data managers receive training on clinical data management 
competencies from their employers and other agencies who support clinical trials. This theme 
also suggests that employer-sponsored clinical data manager trainings are designed based on the 
needs of the clinical trials in which the clinical data manager is managing data for.   
  Given this indication of training as a tool for addressing only topics related to the needs 
of the specific clinical trials that a clinical data manager is managing, it is possible that clinical 
data managers do not receive training related to all the competencies of the clinical data 
management profession. Reasonably, clinical data managers may only receive training in the 
competencies addressed by the each clinical trial. Unless a clinical data manager is exposed to a 
diverse array of clinical trials, the clinical data manager may not possess all of the profession’s 
competencies as reflected in the Certified Clinical Data Manager ExamTM. This approach to 
training clinical data managers is best articulated by Swanson and Holton’s (2009) description of 
training as a process of developing skills to be more effective in the responsibilities of a job 
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description. This approach to training clinical data managers inhibits the notion that they should 
attempt to acquire all of the profession’s competencies.  
Correspondingly, this current state of clinical data manager training suggests that the 
needs of clinical trials should dictate which competencies clinical data managers should acquire. 
If clinical trials dictate which of the profession’s competencies clinical data managers are trained 
in, clinical data managers may perform well in the competencies related to managing the needs 
of a specific clinical trial. However, they could be significantly underprepared to perform any of 
the profession’s competencies that are outside of the scope of the clinical trial that the clinical 
data manager is managing. Therefore, if the goal of the clinical data manager is to develop 
competence for the purpose of performing the responsibilities of a specific clinical trial, it is 
appropriate for the needs of clinical trials to dictate the competencies in which the clinical data 
manager should acquire. However, if the goal of the clinical data manager is to improve 
competence for the purpose of the broadly expanding expertise beyond the responsibilities of 
each clinical trial, it is not appropriate for the needs of a clinical trial to dictate which 
competencies should be acquired by the clinical data manager.  
These two approaches to training in the competencies are best evaluated by examining 
the perspectives of training versus development. If a clinical data manager’s goal of acquiring 
skills extends beyond the needs of the clinical trials being managed by the clinical data manager, 
the clinical data manager’s needs more align with the Swanson and Holton’s (2001) concept of 
development. According to Swanson and Holton, development is the process of expanding 
expertise beyond the responsibilities of the job description. By taking on the goal of acquiring all 
of the profession’s competencies as reflected by the clinical data management exam, clinical data 
managers assume a focus on development.  
51 
 
While there is a significant conceptual difference between the definitions of training and 
development, Swanson and Holton (2009) acknowledged that development is simply 
accomplished through an offering of systematic training. The indication of Swanson and 
Holton’s acknowledgement of development as a group of systematic trainings suggest that 
SCDM’s articulation of the competencies are an effort to guide the development of the clinical 
data management workforce. With this guiding of the development of clinical data managers, 
Zozus et al. (2017) offered a clear baseline for understanding what competencies all clinical data 
managers should have. By knowing what competencies clinical data managers should have, 
clinical data managers are now able to self-direct training to improve overall development in the 
competencies needed for the certification exam.  
 According to Zozus et al. (2017), the certification exam competencies represent the scope 
of professional practice of clinical data management. By having the competencies represent the 
scope of the profession, there is a strong implication that successful acquisition of the 
competencies of the certification exam will lead to success in professional practice. Therefore, 
this indicates that clinical data managers should rely on the certification exam competencies as a 
method of guiding competency acquisition.  
 With such a strong indication of a need for clinical data managers to rely on the 
certification exam competencies, the competencies are met with a seemingly large need to reflect 
the scope and the breath of the profession. The grounding of the competencies in scientific 
concepts and principles of clinical research informatics are of strong benefit in meeting the need 
to reflect the true scope and breadth of the clinical data management profession. Williams et al. 
(2017) discussed the lack of academic preparation in clinical research and training’s role as an 
untapped opportunity. Embi and Payne (2009) identified a significant need for training for 
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individuals who manage clinical trial data for the purpose of standardizing the use of theory in 
practice. Williams et al.’s (2017) suggested a general lack of general training while Embi and 
Payne’s (2009) suggested a need for training in informatics theory. These ideas further support 
the need for examinations into clinical data manager training. Additionally, there is an indication 
of a need for clinical data managers to seek out additional training for inadequacies to ensure that 
inadequacies are addressed by training that is grounded in scientific concepts and principles. This 
presents a significant challenge for clinical data managers in understanding which scientific 
concepts and principles additional trainings should be based on given that the clinical data 
manager will likely be unfamiliar with the scientific concepts and principles that support the 
entire clinical data management profession.  
One approach for understanding these scientific concepts and principles is to perform a 
comprehensive review of the primary literature of the clinical informatics profession. However, 
the lack of education and training literature related to the clinical data management profession 
could yield deficiencies in the spectrum of required underlying scientific concepts and principles 
that support the profession. In addition, clinical data managers may be presented with many 
conflicting research perspectives that could negatively impact clinical data manager’s training. A 
more effective approach is for clinical data managers to examine the competencies of the 
certification exam to better understand the full range of scientific concepts and principles that 
support the clinical data management profession.  
Coursera Training 
 
With staff responsibilities differing amongst clinical trials as noted by Baer et al (2011), 
it is natural that on-the-job training and other employee-sponsored training has evolved as the 
primary source of preparing individuals in the competencies of clinical data management. 
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However, an emerging form of training in the scientific concepts and principles of the profession 
are Massive Open Online Courses (MOOCs). MOOCs are free online courses that are generally 
offered through a partnership with universities (Engle, Mankoff & Carbrey, 2015). While 
MOOCs do not offer formal degrees, MOOCs may be a potential avenue for acquiring the 
competencies of the profession. Coursera is one of the most notable MOOCs.  
In supporting the training of clinical data management and other professions, Couresra 
offers courses that are grounded in the scientific concepts of the data management profession. 
These scientific concepts and principles include data cleaning techniques, reproducible research 
methods, and programming (Coursera, 2017). This medium may provide clinical data managers 
with training grounded in the competencies of the certification exam. However, a comparison of 
the competencies offered by Coursera and the certification exam competencies articulated in 
Zozus et al. (2017) would be required to better understand the extent to which training needs 
could be met. Additionally, the results of this study will enable SCDM to develop courses to 
meet the needs of clinical data managers who are preparing to take the certification exam.  
Clinical Data Management & Clinical Research Informatics Connection 
 
 As previously noted, clinical data management holds the professional responsibility of 
managing high-quality data produced in clinical trials (Krishnankutty et al., 2012). Although 
much broader in scope than clinical data management, clinical research informatics also holds 
the professional responsibility of managing high-quality data produced from clinical trials (Kahn, 
& Weng, 2012). Given that both professions hold the same responsibility of managing clinical 
trial data, Zozus et al’s (2017) notion that the clinical data management exam competencies are 
grounded in the underlying scientific concepts of the clinical research informatics profession is 
appropriate. While appropriate, the literature suggests that the clinical research informatics 
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profession is in need of additional development. Embi and Payne (2009) noted that clinical 
research informatics needs a more formalized description for growth. As clinical research 
informatics has a broader scope than clinical data management, the areas that need additional 
development could be outside of the scope of professional responsibility in managing clinical 
trial data. However, this idea is not supported by Rico-Villademoros et al.’s (2004) indication 
that clinical data managers should be trained in competencies of the full spectrum of managing a 
clinical trial not just the data management spectrum of a clinical trial. While clinical data 
managers are trained in the competencies of the clinical data management profession, the clinical 
data management profession is supported by the scientific concepts and principles of the clinical 
research informatics profession (Zozus et al., 2017). Hence, it is natural for the clinical research 
informatics literature to advocate that clinical data managers be trained in clinical trial 
competencies that extend beyond data management responsibilities.  
Rico-Villademoros et al. (2004) suggested clinical data managers be trained in 
competencies such as the Guidelines for Good Clinical Practice. The Guidelines for Good 
Clinical Practice can be described as an international standard for ethically conducting a clinical 
trial including data accuracy and reporting (Arango et al., 2016). According to American Society 
of Clinical Oncology (2008), clinical trial sponsors and investigators also use the Guidelines for 
Good Clinical Practice. Hence, this is a strong example of what competencies or concepts in 
clinical research informatics are applicable to clinical data managers.  
There is a significant indication that training in the competencies of clinical research 
informatics is designed to also train other members of the clinical research team. However, the 
broader scope of the clinical research informatics profession suggest a broader range of 
competencies to the support the full spectrum of managing more than just the data-related 
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responsibilities of a clinical trial, so clinical data managers who seek out training opportunities in 
clinical research informatics to develop clinical data management competencies should consider 
the applicability of the competencies that are embedded in the training. The applicability of the 
competencies should be considered from Swanson and Holton’s (2001) perspectives of training 
and development to distinguish the two concepts. From the perspective of a professional society 
such as SCDM, the goal of articulating the competencies of a profession most aligns with 
Swanson and Holton’s (2001) concept of development because SCDM’s role as in the 
administration of the certification exam, is an indication of an interest in the overall growth and 
expansion of the clinical data managers in the competencies of the profession given that the 
certification exam encourages the overall development of clinical data managers to support the 
acquisition of all of the competencies.  
Classical Test Theory vs. Raw Scoring Method 
 
 In selecting a theoretical framework for this study, one other theory arose because of its 
use in designing and understanding performance on exams: the raw scoring method. For decades, 
exams have been used as a method of assessing the ability of a person in the acquisition of some 
attribute associated with the exam. By associating a numerical value with each question on an 
exam, a quantification of a person’s ability in an attribute is seemingly provided. In many cases, 
questions are dichotomously represented as either correct or incorrect. This method has generally 
been referred to as the raw scoring method. The logic behind the raw score method has served as 
the rationale behind the creation of many exams ranging in importance from low-stakes to high 
stakes. While it is seemingly logical that summarizing the numerical values associated with each 
exam question provides an overall indication of the level in which a person possesses the 
attribute at the focus of a test, modern developments in psychometric evaluation suggests that 
56 
 
other factors should be considered predominantly the overall reliability and validity of an exam 
(DeVellis, 2006).  
These factors suggest that assurance must be provided that an exam measures what it is 
designed to measure and that it does so consistently. By summarizing the scores of each item to 
provide a total exam score that reflects a person’s level of some attribute, the raw scoring method 
assumes that each exam question is reliable. This assumption is a significant weakness of the raw 
scoring method in comparison to classical test theory because classical test theory does not make 
such an assumption. Furthermore, classical test theory considers both the overall reliability of the 
exam and the reliability of each equation on the exam. Consideration is given to these items in 
classical test theory’s conduct of the point-biserial correlation at the question-level and the 
Cronbach’s Alpha for assessing overall test reliability as noted by De Champlain (2010).  
A critical weakness of the raw scoring method is its inability to consider the influence of 
a random error on the test score. Random error is described as any factor that has the ability to 
increase or decrease a person’s total exam score such as time constraints (De Vellis, 2010). 
Classical test theory accounts for the influence of random error and assumes that each exam 
question has its own factors that could independently influence a clinical data manager’s 
response to each question.  
Given that each exam question is formally linked to a competency domain, a clinical data 
manager’s response to an exam question represents his/her level of competence in a competency 
domain. To explain the frequency of correct responses, classical test theory judges the quality of 
an exam question (Reise, Ainsworth, & Haviland, 2005). Classical test theory requires the 
interpretation of question difficulty and a question’s discrimination to isolate high-quality exam 
questions from low-quality exam questions (Embretson & Reise, 2013). Isolating exam questions 
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that do not measure the same competencies helps discriminate between a clinical data manager 
who answered an exam question incorrectly because of a lack of competence in a competency 
domain or because of the quality of an exam question. Thus, this framework indicates that exam 
questions with a high level of reliability that are also answered incorrectly would show a need for 
additional preparation on the part of the clinical data manager.  
Literature describing classical test theory has provided specific intervals for interpreting 
the values produced from p-values (proportion of clinical data managers who correctly answered 
an exam question) and point-biserial correlation values. Exam questions with p-values of less 
than .3 represent items that are very difficult while questions with p-values above .8 should be 
interpreted as very easy (Kehoe, 1995). Hence, questions with p-values within the range of .3 
and .8 should interpreted as appropriate. Kline (2005) suggested a p-value of .5 is optimal for an 
exam question because it suggests that a question has a strong ability to differentiate between a 
group of individuals who passed an exam and a group of individuals who failed the same 
exam. Therefore, questions become increasing more difficulty as their p-values decrease from .5 
to 0. Questions with p-values that indicate questions are too easy or too difficult for clinical data 
managers could negatively impact an exam’s ability to measure attributes consistently (Kehoe, 
1995). However, it is highly appropriate for exam questions to reflect varying levels of ease and 
difficulty to avoid when exam questions intercorrelated (Kline, 2005). Subsequently, a question’s 
point-biserial correlation value should be above .15 because it would indicate that clinical data 
managers who are getting the specific question correct are also preforming well on the entire 
exam and inversely indicates that clinical data managers who score low on the question are 
scoring low on the overall exam. Questions yielding point-biserial correlation values of less than 
.15 should be interpreted as less reliable and should be reviewed for quality assurance because it 
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indicates that clinical data managers who are preforming well on the entire exam are getting the 
specific question incorrect and inversely indicates that clinical data managers who score high on 
the question are scoring low on the overall exam (Kehoe, 1995; Varma, 2018). By decreasing the 
number of exam questions with low reliability values, the overall reliability of the exam will be 
increased (McDonald, 2013). Therefore, exam questions that are very difficult for clinical data 
managers to answer correctly and that also have low point-biserial correlation values are of 
particular importance to SCDM during its upcoming revision of the certification exam. 
Chapter II Summary 
 
 Given the descriptive nature of this study’s research design, this literature review 
provides an adequate description of the certification exam competencies, training environment, 
and other contextual elements the clinical data management profession. Each component of this 
literature review supports the understanding of this study’s findings by explaining all of the areas 
that clinical data managers could potentially struggle with on the certification exam. 
Subsequently, this review of the literature is offered to enhance the understanding and value of 
the certification exam as the infrastructure of the clinical data management profession. A 
description of each certification exam competency was provided for the sole purpose of 
elaborating on Zozus et al.’s (2017) brief articulation of each competency. Each competency was 
presented within its competency domain to better reflect the composition of the certification 
exam. 
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Chapter III: Methods 
 
 The purpose of this study was to examine how performance on the Certified Clinical Data 
Manager ExamTM can be used to understand the preparation needs of clinical data managers who 
take the certification exam. Furthermore, this study sought to examine the areas of the exam that 
practicing clinical data managers struggle with by understanding the frequency of correctly 
answered questions in each competency domain of the exam to determine if the struggle is a 
result of lack exam preparation or poorly written questions. To carry out the design, de-identified 
secondary data was analyzed to investigate the following research question: 
Based on clinical data manager responses to the exam questions on the Certified Clinical 
Data Manager ExamTM, what competency domain(s) of the exam should clinical data 
managers be more prepared in?  
Null Hypotheses 
 
Hypothesis One 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the design tasks competency domain.    
Hypothesis Two 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the data processing tasks competency domains.  
Hypothesis Three 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the programming tasks competency domains. 
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Hypothesis Four 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the testing tasks competency domains.  
Hypothesis Five 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the coordination and management tasks competency domains.  
Hypothesis Six 
H0: There are no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the review tasks competency domains.  
Research Design 
 
This study used a quantitative descriptive research design to examine how clinical data 
managers have been performing in the certification exam competency domains. Quantitative 
research design offers a strong approach to examining phenomena in large groups of people 
(Swanson & Holton, 2005). Given the large number of individuals who have taken the 
certification exam, a quantitative design was appropriate. Using descriptive statistics 
acknowledges associations between variables (Creswell, 2014). However, descriptive statistics 
has a primary purpose of describing the characteristics of the collected data (Salkind, 
2016). Therefore, descriptive statistics are most appropriate to support this study because this 
study’s research question requires methods that provide descriptions of competency domains as 
reflected in the dataset. The research question’s reference to understanding the frequency of 
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correct responses for each question in each competency domain requires a descriptive approach 
to analyzing the data.  
Dependent Variable  
 
Total Exam Score – A summarized score based on clinical data manager responses to 
each exam question; a continuous variable.  
Independent Variable  
 
Exam Question – One of 130 items written in a four option multiple-choice format to 
assess clinical data manager competency; synonymous with the term “item”; produces an 
dichotomous variable in the form of a “0” or “1” and represents whether a clinical data manager 
answered a question incorrectly or correctly, respectively.  
Instrumentation 
 
 An instrument is defined as tool used to collect data (Salkind, 2016). The data for this 
study is the exam scores of practicing clinical data managers who have taken the certification 
exam. Therefore, the certification exam served as the instrument chosen to support the study’s 
investigation into how clinical data managers are performing because the composition of the 
certification exam supports an analysis of competencies by domain. Each question on the 
certification exam was formally linked to one of the competency domains of the certification 
exam by the certification exam’s development committee during the exam’s conception (Zozus 
et al., 2017).  
 The development of the certification exam and the writing of certification exam questions 
is heavily guided by a confidential document called the Item Development Manual (IDM). The 
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IDM was developed by SCDM’s certification exam committee. The regulations within the IDM 
include topics such as exam structure, linking exam questions to competencies, and detailed 
explanations of each of the exam’s 91 competencies. Given the sensitive nature of this 
information, no additional details on the IDM are provided in this study. However, the 
researcher’s review of the IDM provided information to exam writers about the development of 
exam questions, including the linking of questions to competencies.  
 The exam consists of 130 questions. Each question on the exam is multiple-choice and 
consists of four response options. Each question has only one correct answer. As noted in the 
IDM, the each question is composed of content from the competency domains that were outlined 
in the literature review of this study.  
 Exam questions undergo a significant amount of vetting and authentication before 
receiving the privilege of being presented on the certification exam. Exam questions are written 
by certified clinical data managers who serve as members of the Exam Revision Committee. 
These individuals are charged with producing the highest quality of questions that align with the 
practice of clinical data management. After the questions are written by members of the 
committee, the questions are submitted to the psychometric editor for confirmation of alignment 
with the requirements outlined in the IDM. The psychometric review has a focus of confirming a 
question’s formal link to several components of the exam’s structure. These components include 
links to a competency domain, a cognitive level of Bloom’s Taxonomy, and verification of 
conciseness and unambiguity. If a question passes the psychometric review, the question is 
submitted to a technical review panel for evaluation by subject matter experts. The technical 
review panels are presented with the question for the purpose of testing the questions. Subject 
matter experts attempt to answer the questions, after which the correct answer to the question is 
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presented. As noted in the IDM, technical review panels address challenges such as the 
correctness of the question’s predetermined answer, strength of the supporting reference, and fit 
with the previously designated competency domain. A majority vote in favor of a question 
progresses the question to a review by a second technical review panel. Upon passing a second 
review, the question is reviewed by the editor-in-chief of the certification exam and placed in the 
question bank for consideration for placement on the certification exam. 
Subject Selection 
 
The researcher’s data request to SCDM for information sought exam scores for all 
individuals who have taken the certification exam since the most recent revision of the exam in 
2008. However, only information dating back to 2011 was available. Therefore, all clinical data 
managers who have taken the exam since January 1, 2011, were selected as subjects for this 
examination. Clinical data managers have to meet certain requirements to qualify to take 
certification exam. According to SCDM, the requirements are presented below: 
 Have been awarded a bachelor’s degree with a minimum two years of full-time 
experience in clinical data management.  
 Have been awarded an associate’s degree with a minimum three years of full-time 
experience in clinical data management.  
 Have a minimum of a least four years of full-time experience in clinical data 
management (regardless of a degree). ("About Certification - SCDM", 2017).  
Documentation supporting these requirements is collected in a clinical data manager’s 
application for the certification exam. Upon receipt of the application, SCDM conducts a manual 
review of the documents. Only individuals who meet and can provide documentation for the 
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above criteria are eligible to take the exam. Therefore, only data on exam-eligible clinical data 
managers were included in the dataset. Currently, there are 592 certified clinical data managers  
worldwide (Zozus et al., 2017). The data request provided scores of these 592 exam takers at the 
question level. Question-level scoring data was limited to a notation of whether a question was 
answered correctly or incorrectly. However, 592 is only the number of individuals who have 
successfully completed the exam to become certified clinical data managers. In addition to the 
question-level scoring data of the 592 certified clinical data managers, the question-level scoring 
data of clinical data managers who were not successful in completing the certification exam were 
also included in the dataset. Therefore, the data set included question-level data on a total of 952 
exam attempts. Only a small number of clinical data managers had multiple attempts at the 
exam. A clinical data manager’s multiple attempts at the exam did not affect or add value to 
understanding the competency domains. Therefore, all exam attempts were treated as unique 
contributions to understanding the competency domains.  
Validity 
 
 The certification exam is designed to measure the abilities of clinical data managers in 
the competency domains that have been articulated as vital to the clinical data management 
profession ("About Certification - SCDM,” 2017). The ability of the certification exam to 
measure what is says it measures is highly valuable to examining how clinical data managers are 
responding to the questions in each competency domain.  
The certification exam was tested for content validity by SCDM’s Item Development 
Team. Content validity is described as the component that assesses whether the questions on a 
test explicitly reflect the complete universe of a specific topic (Salkind, 2016).  The Item 
Development Team’s notation of content validity is supported by the requirement of individuals 
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who write exam questions to link each question to a competency (Zozus et al., 2017). This 
supports content validity because it clearly associates the content of each question with a 
competency domain. Another element of the certification exam’s design is that the individuals 
who wrote the certification exam questions have successfully completed the certification exam 
and are certified clinical data managers (Society for Clinical Data Management, 2017). SCDM’s 
Item Review Panel, a committee of certified clinical data managers, assessed the alignment of 
each question with a competency domain (Society for Clinical Data Management, 2017). 
According to Salkind (2016), the expert opinions offered by such a committee fulfills the 
requirement of content validity.  
Reliability 
 
 The Item Development Manual for the certification exam did not provide an explicit 
statement of the type of reliability test that was employed to assess the degree to which the exam 
measured clinical data manager competence in the competency domains of the exam 
consistently. The use of certified clinical data managers to gain agreement indicated that 
interrater reliability was used to measure the instrument’s consistency.  Interrater reliability is 
described as the extent to which two raters agree that consistency exists in the rating of an 
outcome (Salkind, 2016). The degree to which raters agreed was not available at the time of this 
study because of transitions between certification exam administrators. However, interrater 
reliability is not a sufficient criterion for this study because there was a greater need to 
understand whether the questions on the exam assessed only one of the exam’s competency 
domains. Therefore, this study used an internal consistency reliability test to assess the mutual 
exclusivity of questions associated with each competency domain. To perform the internal 
consistency reliability test, the researcher of this study used Cronbach’s alpha to compare the 
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scores of each question within a competency domain to the total score of questions for that 
competency domain. The use of Cronbach’s Alpha is a central component of classical test theory 
and aligns with previous literature (De Champlain, 2010; DeVellis, 2006; Kunovskaya & Cude, 
2014). 
Data Collection  
 
 The researcher of this study did not collect primary data. To support the research 
question, the researcher requested question-level exam scores on the Certified Clinical Data 
Manager ExamTM in a formal request for de-identified exam scores from SCDM’s Global 
Headquarters in Brussels, Belgium, and the editor-in-chief of the certification exam. The data 
request for this study was submitted independently of the exam’s certification revision that is 
currently underway. The researcher of this study requested the data with a supplemental intention 
of providing the exam’s s revision committee with an independent review of how the 
competency domains of the certification exam were performing.  
 While SCDM holds the overall responsibility for the certification exam, an international 
proctoring service was used over the past decade to proctor the certification exam. Once a 
clinical data manager’s certification exam application is approved by SCDM, the clinical data 
manager is able to schedule a testing date with the proctoring service, which administers a 
computerized version of the certification exam. After a clinical data manager completes an 
attempt of the certification exam with the proctoring service, the exam scores are sent to SCDM 
by the proctoring service for authentication and potential confirmation of certified clinical data 
manager status. This data is stored by SCDM and the proctoring service of the exam.  
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 The data request contained a request for three data elements that were needed to support 
an examination of competency domain performance. The first data element was the assignment 
of an identification number to each clinical data manager who had taken the exam since the 
previous exam revision occurred in 2011. This data element was requested because there was a 
need to distinguish between the scores of each clinical data manager who had taken the exam. 
The names of the clinical data managers were not requested because they offered no value to this 
examination. In addition, the researcher sought to support SCDM’s privacy procedures for the 
exam scores.  
The second data element of the request was the question identification number for every 
question on the exam. The question identification number is a distinct, mutually exclusive 
number that is assigned by the IDT to each question of the certification exam. It was requested 
for two reasons: (1) The question identification number served as a substitute for the researcher’s 
review of the question, so there was no need for the researcher to review the exam questions 
because of privacy concerns related to maintaining the integrity of the exam, and (2) the 
identification number is what links each exam question to a competency domain. This linking of 
question identification number to a competency domain is provided by a document that is 
referred to as a competency key. A separate request was submitted to the editor-in-chief of the 
certification exam for the competency key. These two reasons offered strong support to the 
decision to request the question identification number as the second data element.  
The third data element of the data request was the results of each exam question. The 
results were composed of three data fields in the dataset. The first data field was an indication for 
whether the clinical data manager correctly answered the question. The indication of a correctly 
answered question was the presence of a score higher than zero. An indication of an incorrect 
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response was a score of zero. The second data field was the actual correct answer to the question 
noted by the IDT. The third data field was the clinical data manager’s multiple choice response 
to the question. The second and third data fields were requested to allow the researcher to verify 
the scoring of each question independently in support of ensuring the validity of the test.  
Data Analysis 
 
 The analysis of competency domain performance required the use of multiple statistical 
procedures. More specifically, the statistical procedures performed by this study all involved 
descriptive statistics. Descriptive statistics are used as an effective method of describing what has 
occurred within each competency domain and can be used to describe the composition of a set of 
data that result in numbers from measuring some phenomenon (Shi & McLarty, 2009). In terms 
of this study, descriptive statistics were performed on the sample of clinical data managers who 
took the certification exam since 2011. The study was not designed to use the sample to make 
inferences on a larger population. Sampling techniques are generally employed when time and 
research funds are of concern in examining a total population (Salkind, 2016). Therefore, total 
population sampling was used because of the timing, funds, and the availability of data.   
 Means, medians, mode, and standard deviations were calculated on the overall exam 
scores as a method of descriptive statistics. As a measure of variability, range was calculated to 
provide an indication of how far apart each of the scores were from one another.  Skewness and 
kurtosis were also examined. 
 A point-biserial correlation was also performed to understand the relationship between 
correct responses to exam questions and the total scores. This correlation is highly appropriate 
because of the dichotomous nature of the responses in the data set. Ranging from -1.0 to +1.0, a 
69 
 
positive point-biserial correlation would indicate that clinical data managers who answer the 
specific question correctly also perform well on the entire exam and inversely indicates that 
clinical data managers who score low on the question score low on the overall exam. A negative 
point-biserial correlation would indicate that clinical data managers who perform well on the 
entire exam answer the specific question incorrectly and inversely indicates that clinical data 
managers who score high on the question score low on the overall exam (Varma, 2018). P-values 
reflecting the proportion of clinical data managers who answered a question correctly will also 
be calculated.  
Six scatterplots, representing the six competency domains, will be presented to illustrate 
each question’s p-value and point-biserial correlation value on the x-axis and y-axis respectively. 
The vertical axis of each scatterplot will be divided into sections based on Kehoe’s (1995) 
recommendations that appropriate questions have p-values ranging between of .3 and .8, and a p-
value of .5 reflects Kline’s  (2005) recommendation of an optimal p-value. The horizontal axis of 
each scatterplot helps distinguish questions with point-biserial correlation values of less than .15 
as noted by Kehoe (1995). The sections of each scatterplot reflect potential reasons why a 
clinical data manager struggled with an exam question. Based on the eight segments of each 
scatterplot, each exam question can be interpreted in the context of the eight scenarios below. 
 Segment 1 (S1) – Exam questions with point-biserial correlation values 
greater than .15 and p-values below .3 indicate that clinical data managers 
struggled with these questions because of the low p-value and the appropriate 
point-biseral correlation value. A need for additional exam preparation or other 
intervention in the competency domain associated with the question exists 
because the question’s p-value of less than .3 and point-biserial correlation value 
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of at least .15 indicated an appropriate level of question reliability as noted by 
Kehoe (1995). This segment represents questions that yielded the “strongest” 
exam preparation needs. Questions in this segment are interpreted as having the 
“strongest” exam preparation need on the exam because they possess the lowest 
p-values on the exam. P-values represent the difficulty of an exam question as 
reflected by the proportion of individuals who answered a question correctly 
(Kunovskaya & Cude, 2014), and p-values below .3 represent questions that are 
very difficult (Kehoe, 1995). Thus, the questions in this segment have the 
“strongest” exam preparation need because they are the ones that the largest 
portion of clinical data managers answered incorrectly while the question has  
been deemed reliable by an appropriate point-biseral correlation value. 
 Segment 2 (S2) – Exam questions with point-biserial correlation values 
greater than .15 and p-values between than .3 and .5 indicate that clinical data 
managers struggled with this question because of the lower p-value and an 
appropriate level of question reliability as measured by the point-biseral 
correlation value of at least .15. A need for additional exam preparation or other 
intervention in the competency domain associated with the question exists 
because the question’s point-biserial correlation indicated a high level of question 
reliability and a p-value between .3 and .5. This segment represents questions that 
yielded a mild exam preparation need. The interval of a .3 to a .5 p-value aligns 
with the recommendations for an appropriate level of question difficulty as noted 
by Kehoe (1995) and Kline (2005). Questions in this segment are interpreted as 
having a “mild” exam preparation need because they possess p-values slightly 
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higher than the questions in S1. P-values represent the difficulty of an exam 
question as reflected by the proportion of individuals who answered a question 
correctly (Kunovskaya & Cude, 2014). Thus, these questions have a “mild” exam 
preparation need because only 30 – 50% of clinical data managers answered the 
question correctly while the question has been deemed reliable by an appropriate 
point-biseral correlation value. 
 Segment 3 (S3) – Exam questions with point-biserial correlation values 
greater than .15 and p-values between .5 and .8 indicated a larger percentage of 
clinical data managers correctly answered the question. The point-biserial 
correlation value above .15 indicated a high level of question reliability. 
Therefore, there is no need for additional exam preparation in the competency or 
competency domain associated with the question. This segment represents 
questions that were appropriately written and yielded no indication of an exam 
preparation need because a large proportion of clinical data managers answered 
the question correctly.   
 Segment 4 (S4) – Exam questions with point-biserial correlation values 
greater than .15 and p-values between than .8 and 1. The larger p-value 
indicated a large percentage of clinical data managers correctly answered the 
question. The larger point-biserial correlation value indicates a high level of 
question reliability. Therefore, there is no need for additional exam preparation in 
the competency domain associated with the question. Questions in this segment 
are also some of the easiest questions on the exam because the point-biserial 
correlation value was appropriate and the large p-values, which indicate that the 
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largest proportion of clinical data managers answered the question correctly. P-
values represent the difficulty of an exam question as reflected by the proportion 
of individuals who answered a question correctly (Kunovskaya & Cude, 2014). P-
values above .8 represent questions that are very easy (Kehoe, 1995). Thus, these 
questions are the easiest because the largest portion of clinical data managers 
answered the question correctly while the question has been deemed reliable by 
having an appropriate point-biseral correlation value above .15. 
 Segment 5 (S5) – Exam questions with point-biserial correlation values less 
than .15 and p-values less than .3 indicated that clinical data managers struggled 
with this question because it contains questions with the lowest p-values on the 
certification exam and the question’s point-biserial correlation value indicated a 
low level of question reliability.. This segment represents questions that are 
poorly written with the highest levels of difficulty. Therefore, no exam 
preparation needs could be identified, but a need exists to review the questions for 
quality assurance because of the combination of clinical data managers struggling 
with the question and the inappropriate point-biserial correlation value. 
 Segment 6 (S6) – Exam questions with point-biserial correlation values less 
than .15 and p-values between .3 and .5 indicated that clinical data managers 
struggled with this question because of the lower p-value. A need exists to review 
the question for quality assurance because the question’s point-biserial correlation 
value indicated a low level of question reliability. Therefore, no exam preparation 
needs could be identified, but a need exists to review these questions for quality 
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assurance because of the combination of clinical data managers struggling with 
the question and the low point-biserial correlation value.  
 Segment 7 (S7) – Exam questions with point-biserial correlation values less 
than .15 and p-values between .5 and .8 indicated that clinical data managers do 
not struggle with this question because of the large percentage of correct 
responses to the question. There is no need for additional exam preparation in the 
competency domain associated with the question because of the larger p-value. 
However, a need exists to revise the question because the point-biserial 
correlation indicates a low level of question reliability. 
 Segment 8 (S8) – Exam questions with point-biserial correlation values less 
than .15 and p-values between .8 and 1 indicated that clinical data managers do 
not struggle with this question because of the larger percentage of correct 
responses to each question. There is no need for additional exam preparation in 
the competency domain associated with the question because of the large p-value 
for each of the questions in this segment. However, a need exists to revise the 
question because the point-biserial correlation indicates a low level of question 
reliability. Questions in this segment are interpreted as being some of the 
“easiest” exam questions because they possess the highest p-values on the exam. 
P-values represent the difficulty of an exam question as reflected by the 
proportion of individuals who answered a question correctly (Kunovskaya & 
Cude, 2014). P-values above .8 represent questions that are very easy (Kehoe, 
1995). Thus, these questions are the easiest because the largest portion of clinical 
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data managers answered the question correctly while the question has been 
deemed reliable by an appropriate point-biseral correlation value. 
Assumptions 
 
In this study, the following assumptions were made: 
1. The observed score is an approximation of a clinical data manager’s true score. 
2. Each question equally contributed to the total test score of each clinical data 
manager. 
3. An assumption of the point-biserial correlation is that one variable must be 
dichotomous and the other variable must be continuous. 
4. There should be no outliers for the continuous variable. 
5. The continuous variable should be approximately normally distributed for each 
category of the dichotomous variable.   
6.  The continuous variable should have equal variances for each category of the 
dichotomous variable. 
Limitations and Delimitations 
 
 The research design of this study presented several limitations for this study. The purpose 
of the study was to describe how the competency domains were performing. Clinical data 
managers who had taken the exam were the primary source of the data for the study. Therefore, 
the findings were not offered to describe the training nor competence of the entire workforce of 
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clinical data managers. However, the findings do identify the competencies of the certification 
exam that clinical data managers have difficulty with.  
Lower scores in a competency domain(s) of the certification exam could serve as an 
indication of a need for additional preparation in a competency domain because of an underlying 
element of classical test theory that a person’s observed score on an exam is not their true score 
as discussed by DeVellis (2006). This interpretation of an exam preparation need is a limitation 
because other factors could have impacted a clinical data manager’s ability to correctly answer a 
question such as issues with how the exam questions are written. Given the high level of rigor 
and the iterative-cyclic nature of the question development process, there is a high level of 
confidence in the validity of the exam. This suggests the aggregative nature of this research’s 
design supports the notion that competency domains with low performance could be used for 
preparing for the certification exam.  
Only exam scores between January 1, 2011, and December 1, 2017, were analyzed. Exam 
scores before January 1, 2011, were not available for this study. Therefore, the exam scores from 
the previous exam could not be linked to the current competency domains.  
Literature related to the Society for Clinical Data Management’s workforce was limited. 
Therefore, the Society for Clinical Data Management provided the researcher with the Item 
Development Manual for the Certified Clinical Data Manager ExamTM. The Item Development 
Manual was used exclusively for the purpose of understanding the composition of the 
certification exam and for guiding the literature review.  
Chapter III Summary 
 
 The purpose of this study was to examine how clinical data managers were performing in 
each of the competency domains of the certification. The elements presented in this methodology 
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section provide a strong approach to examining the study’s purpose. The value of classical test 
theory, the data collection methods, the data analysis techniques, and limitations offered 
significant insight into how the study will be performed.  
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Chapter IV: Data Analysis 
 
The purpose of this study was to identify the areas of the Certified Clinical Data Manager 
ExamTM that clinical data managers struggle with by examining the frequency of correct 
responses to the exam’s questions. This investigation will provide an understanding of which 
components of the Certified Clinical Data Manager ExamTM clinical data managers should focus 
on during exam preparation. The research question’s reference to understanding the frequency of 
responses to each question in each competency domain required a descriptive approach to 
analyzing the data. This study’s analysis used methods that are traditionally associated with 
psychometric tests to isolate the reason for clinical data manager’s incorrect responses to a 
question. The use of these methods revealed findings related to exam preparation needs that are 
outlined in this chapter.  
Description of Participants 
 
The certification exam validates the knowledge and skills of the international clinical data 
management workforce. Test results represented clinical data managers who practice in various 
countries around the world. There were 952 test attempts of the Certified Clinical Data Manager 
ExamTM that were analyzed to identify the exam preparation needs of clinical data managers. 
Each of the 952 test attempts represented a clinical data manager who took the certification 
exam.  No distinction was made between clinical data managers who passed or failed each of the 
952 test attempts. The methods used in this study assessed each exam question individually; 
therefore, whether a clinical data manager passed or failed the total exam was not relevant to this 
question level examination. In addition, there were clinical data managers who made multiple 
attempts at the certification exam. This question level examination required each test attempt to 
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be viewed as a unique data point toward informing on the overall performance of clinical data 
managers in an exam question. No value was offered to the analysis by isolating or removing a 
clinical data manager’s multiple test attempts from the overall dataset.  
Testing of Assumptions 
 
The point-biserial correlation presented four assumptions. The first assumption was that 
one variable must be dichotomous and the other variable must be continuous. The dichotomous 
variable was represented in the data set by whether a question was answered correctly of 
incorrectly. The continuous variable was represented in the data set as a clinical data manager’s 
total exam score. Outliers for the continuous variable were identified using a Box and Whisker 
plot. Figure 1 presents the results of the Box and Whisker plot.  
 
 
Box and whisker plots offer significant value to studies that examine a large amount of 
observations on an interval scale such test scores (Salmond, 2007). The box plot above visually 
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represents the total scores of the clinical data managers who took the certification exam and 
where the scores fall in relation to each other. The horizontal line that makes up the bottom of 
the box is Quartile 1. The horizontal line dividing the box is interpreted as a median of 93 and 
also constitutes Quartile 2. Quartile 3 is reflected by the horizontal line at the top of the box. 
Williamson, Parker, and Kendrick (1989) noted that the area between Quartile 1 and Quartile 3 
reflects the middle 50th percent of the observations, which indicates that 50 percent of clinical 
data managers scored within this range.  
According to the box plot above, 26 of the 952 clinical data managers’ scores are below 
the lower whisker of the plot. The 26 scores are visually represented by the circles below the 
lower “whisker” of the plot above. Of the 26 scores in the plot, several clinical data managers 
had the same score. Therefore, the plot does not show a clear illustration of all 26 scores. These 
26 scores are significant because they represent 26 score attempts that are not aggregated with 
the other score attempts. The question is whether these 26 scores constitute an outlier or are 
normal or expected scores.  
This box and whisker method exhibits the use of an interquartile range multiplier 
approach to detect outliers and was first introduced by Tukey (1977). The interquartile range 
approach multiplies the interquartile range by 1.5. The value produced from this equation is 
subtracted from Quartile 1 value. Any number in the dataset lower than the value produced by 
this equation is considered to be an outlier (Tukey, 1977). Inversely, the same equation is applied 
to Quartile 3 to detect upper outliers. However, the value produced from multiplying the 
interquartile range by 1.5 is added to the Quartile 3 value. Any value in the data set above the 
value produced from this equation is considered an upper outlier (Tukey, 1977). Hoaglin and 
Iglewicz (1987) illustrated that Tukey’s (1977) use of 1.5 as the multiplier was only accurate in 
80 
 
detecting outliers about 50 percent of the time because the multiplier should be increased with a 
larger sample size.  
Given that the box plot above was developed through SPSS by means of Tukey’s (1977) 
approach of using the interquartile range approach to detect outliers and the large number of 
observations in this study, the 26 values below the lower quartile are not outliers. Furthermore, 
Salkind (2016) noted that the determination of an outlier is an arbitrary decision that should be 
made by the researcher. In considering that the 26 scores are within the exam’s scoring range of 
0-130 points, the researcher determined that the scores did not constitute outliers. If the scores 
had been below zero or above 130 (the exam’s scoring range), it would have been appropriate to 
recognize the 26 scores as outliers. However, there were no scores in the dataset that were below 
zero or above 130. Therefore, there were no outliers present, so the assumption of outliers was 
met.  
Additionally, the continuous variable should be approximately normally distributed for 
each category of the dichotomous variable and have equal variances. Table 1 provides values 
from skewness and kurtosis tests to inform on the normality of the dichotomous variables of “0” 
and “1”. Field (2009) noted that variables with z-scores above an absolute value of 1.96 violate 
the assumption of normality. The majority of the z-scores produced from the skewedness and 
kurtosis calculations in Table 1 are above an absolute value of 1.96 which indicates a violation of 
the assumption of normality. However, the assumption of normality can be violated if the sample 
is not being used to make inferences on a larger population (Field, 2009). The assumption of 
equality of variance is also violated by the majority of the significance levels resulting from the 
Levene’s Test for equality of variance that are presented in Table 1 at p < .05. However, the 
assumption of equality of variances can be safely violated in large sample sizes (Salkind, 
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2016). Given that 952 samples were analyzed, the sample size supports the safe violation of the 
assumption of equality of variances. 
Table 1: Assumption Testing Values 
 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values Statistic 
Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
1 
0 
Skewness -0.370 0.134 -2.763 
0.009 
Kurtosis -0.283 0.267 -1.058 
1 
Skewness -0.656 0.098 -6.687 
Kurtosis 0.427 0.196 2.179 
2 
0 
Skewness -0.409 0.117 -3.491 
0.001 
Kurtosis -0.171 0.234 -0.732 
1 
Skewness -0.676 0.107 -6.304 
Kurtosis 0.499 0.214 2.331 
3 
0 
Skewness -0.583 0.183 -3.193 
0.047 
Kurtosis -0.309 0.363 -0.852 
1 
Skewness -0.530 0.088 -6.034 
Kurtosis -0.004 0.175 -0.024 
4 
0 
Skewness -0.262 0.145 -1.805 
0.001 
Kurtosis -0.365 0.289 -1.264 
1 
Skewness -0.674 0.094 -7.129 
Kurtosis 0.434 0.189 2.299 
5 
0 
Skewness -0.572 0.129 -4.435 
0.012 
Kurtosis -0.185 0.257 -0.718 
1 
Skewness -0.511 0.100 -5.094 
Kurtosis 0.097 0.200 0.486 
6 
0 
Skewness -0.475 0.175 -2.723 
0.14 
Kurtosis -0.229 0.347 -0.659 
1 
Skewness -0.590 0.089 -6.641 
Kurtosis 0.151 0.177 0.854 
7 
0 
Skewness -0.481 0.119 -4.032 
0.069 
Kurtosis -0.134 0.238 -0.562 
1 
Skewness -0.666 0.106 -6.290 
Kurtosis 0.369 0.211 1.749 
8 
0 
Skewness -0.211 0.150 -1.407 
0.059 
Kurtosis -0.444 0.299 -1.485 
1 
Skewness -0.747 0.093 -8.015 
Kurtosis 0.708 0.186 3.806 
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Table 1 (Cont.) 
 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values Statistic 
Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
9 0 Skewness -0.499 0.123 -4.070 0.039 
Kurtosis -0.113 0.245 -0.463 
1 Skewness -0.641 0.104 -6.189 
Kurtosis 0.255 0.207 1.232 
10 0 Skewness -0.493 0.112 -4.410 0.058 
Kurtosis -0.023 0.223 -0.103 
1 Skewness -0.876 0.112 -7.814 
Kurtosis 0.966 0.224 4.315 
11 0 Skewness -0.339 0.159 -2.128 0.013 
Kurtosis -0.389 0.318 -1.226 
1 Skewness -0.598 0.091 -6.556 
Kurtosis 0.266 0.182 1.459 
12 0 Skewness -0.442 0.194 -2.281 0.032 
Kurtosis -0.298 0.385 -0.774 
1 Skewness -0.544 0.087 -6.275 
Kurtosis 0.038 0.173 0.217 
13 0 Skewness -0.483 0.104 -4.621 0.489 
Kurtosis -0.067 0.209 -0.321 
1 Skewness -0.835 0.121 -6.886 
Kurtosis 0.742 0.242 3.066 
14 0 Skewness -0.299 0.147 -2.038 0 
Kurtosis -0.545 0.292 -1.864 
1 Skewness -0.540 0.094 -5.748 
Kurtosis 0.278 0.188 1.481 
15 0 Skewness -0.507 0.110 -4.613 0.891 
Kurtosis -0.078 0.219 -0.356 
1 Skewness -0.703 0.114 -6.159 
Kurtosis 0.402 0.228 1.766 
16 0 Skewness -0.382 0.159 -2.399 0 
Kurtosis -0.433 0.318 -1.363 
1 Skewness -0.549 0.091 -6.019 
Kurtosis 0.132 0.182 0.724 
17 0 Skewness -0.287 0.166 -1.733 0 
Kurtosis -0.435 0.330 -1.320 
1 Skewness -0.551 0.090 -6.120 
Kurtosis 0.131 0.180 0.730 
18 0 Skewness -0.412 0.138 -2.996 0.227 
Kurtosis -0.044 0.274 -0.162 
1 Skewness -0.680 0.097 -7.033 
Kurtosis 0.301 0.193 1.558 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values Statistic 
Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
19 0 
  
Skewness -0.558 0.155 -3.600 0.394 
Kurtosis 0.082 0.309 0.264 
1 
  
Skewness -0.581 0.092 -6.316 
Kurtosis 0.053 0.184 0.290 
20 0 Skewness -0.619 0.144 -4.298 0.18 
Kurtosis 0.030 0.287 0.105 
1 Skewness -0.523 0.095 -5.527 
Kurtosis -0.039 0.189 -0.204 
21 0 Skewness -0.369 0.131 -2.818 0.061 
Kurtosis -0.326 0.261 -1.248 
1 Skewness -0.706 0.099 -7.102 
Kurtosis 0.569 0.198 2.868 
22 0 Skewness -0.117 0.195 -0.602 0.352 
Kurtosis -0.362 0.387 -0.935 
1 Skewness -0.688 0.087 -7.948 
Kurtosis 0.491 0.173 2.839 
23 0 Skewness -0.204 0.187 -1.087 0 
Kurtosis -0.793 0.373 -2.129 
1 Skewness -0.547 0.087 -6.264 
Kurtosis 0.261 0.174 1.495 
24 0 Skewness -0.059 0.239 -0.249 0.01 
Kurtosis -0.453 0.474 -0.956 
1 Skewness -0.565 0.084 -6.733 
Kurtosis 0.143 0.168 0.852 
25 0 Skewness -0.472 0.210 -2.249 0.037 
Kurtosis -0.520 0.417 -1.246 
1 Skewness -0.548 0.085 -6.419 
Kurtosis 0.092 0.171 0.536 
26 0 Skewness -0.527 0.112 -4.718 0.123 
Kurtosis -0.037 0.223 -0.167 
1 Skewness -0.642 0.112 -5.722 
Kurtosis 0.234 0.224 1.047 
27 0 Skewness -0.633 0.118 -5.351 0.618 
Kurtosis 0.164 0.236 0.694 
1 Skewness -0.505 0.106 -4.742 
Kurtosis -0.079 0.213 -0.371 
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Table 1 (Cont.) 
 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
28 0 Skewness -0.318 0.173 -1.843 0.005 
Kurtosis -0.514 0.344 -1.495 
1 Skewness -0.578 0.089 -6.489 
Kurtosis 0.238 0.178 1.340 
29 0 Skewness -0.053 0.203 -0.263 0.004 
Kurtosis -0.546 0.404 -1.350 
1 Skewness -0.606 0.086 -7.060 
Kurtosis 0.330 0.172 1.926 
30 0 Skewness -0.454 0.110 -4.146 0.028 
Kurtosis -0.062 0.219 -0.284 
1 Skewness -0.788 0.114 -6.885 
Kurtosis 0.677 0.228 2.966 
31 0 Skewness -0.748 0.224 -3.345 0 
Kurtosis 0.122 0.444 0.275 
1 Skewness -0.548 0.085 -6.473 
Kurtosis 0.017 0.169 0.101 
32 0 Skewness -0.487 0.130 -3.735 0.01 
Kurtosis -0.183 0.260 -0.702 
1 Skewness -0.568 0.100 -5.707 
Kurtosis 0.109 0.199 0.546 
33 0 Skewness -0.024 0.236 -0.102 0 
Kurtosis -0.963 0.467 -2.060 
1 Skewness -0.539 0.084 -6.410 
Kurtosis 0.207 0.168 1.234 
34 0 Skewness -0.498 0.127 -3.923 0.404 
Kurtosis 0.095 0.253 0.375 
1 Skewness -0.795 0.101 -7.855 
Kurtosis 0.574 0.202 2.841 
35 0 Skewness -0.150 0.168 -0.893 0.004 
Kurtosis -0.452 0.334 -1.352 
1 Skewness -0.641 0.090 -7.139 
Kurtosis 0.429 0.179 2.393 
36 0 Skewness -0.504 0.191 -2.643 0.276 
Kurtosis -0.317 0.379 -0.836 
1 Skewness -0.588 0.087 -6.759 
Kurtosis 0.150 0.174 0.864 
37 0 Skewness -0.441 0.194 -2.278 0.5 
Kurtosis -0.216 0.385 -0.562 
1 Skewness -0.602 0.087 -6.941 
Kurtosis 0.167 0.173 0.962 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
38 0 Skewness -0.317 0.139 -2.280 0.013 
Kurtosis -0.421 0.277 -1.519 
1 Skewness -0.710 0.096 -7.371 
Kurtosis 0.655 0.192 3.406 
39 0 Skewness 0.172 0.260 0.662 0.38 
Kurtosis -0.777 0.514 -1.512 
1 Skewness -0.515 0.083 -6.199 
Kurtosis 0.205 0.166 1.233 
40 0 Skewness -0.294 0.134 -2.193 0 
Kurtosis -0.428 0.267 -1.600 
1 Skewness -0.581 0.098 -5.923 
Kurtosis 0.368 0.196 1.879 
41 0 Skewness -0.210 0.148 -1.424 0.001 
Kurtosis -0.629 0.294 -2.136 
1 Skewness -0.697 0.094 -7.435 
Kurtosis 0.769 0.187 4.106 
42 0 Skewness -0.608 0.125 -4.853 0.805 
Kurtosis 0.073 0.250 0.294 
1 Skewness -0.578 0.102 -5.663 
Kurtosis 0.027 0.204 0.132 
43 0 Skewness -0.435 0.129 -3.362 0.41 
Kurtosis -0.154 0.258 -0.597 
1 Skewness -0.672 0.100 -6.717 
Kurtosis 0.330 0.200 1.654 
44 0 Skewness -0.525 0.100 -5.278 0.289 
Kurtosis -0.026 0.199 -0.133 
1 Skewness -0.981 0.131 -7.512 
Kurtosis 1.257 0.260 4.828 
45 0 Skewness -0.436 0.130 -3.347 0 
Kurtosis -0.440 0.260 -1.690 
1 Skewness -0.532 0.100 -5.344 
Kurtosis 0.282 0.199 1.420 
46 0 Skewness -0.315 0.175 -1.794 0.591 
Kurtosis -0.345 0.349 -0.989 
1 Skewness -0.722 0.089 -8.146 
Kurtosis 0.446 0.177 2.516 
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Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
47 0 Skewness -0.393 0.169 -2.324 0.023 
Kurtosis -0.379 0.337 -1.126 
1 Skewness -0.590 0.090 -6.591 
Kurtosis 0.211 0.179 1.180 
48 0 Skewness -0.123 0.233 -0.528 0.002 
Kurtosis -0.586 0.461 -1.271 
1 Skewness -0.557 0.084 -6.621 
Kurtosis 0.137 0.168 0.813 
49 0 Skewness -0.274 0.164 -1.669 0 
Kurtosis -0.445 0.327 -1.358 
1 Skewness -0.549 0.090 -6.083 
Kurtosis 0.153 0.180 0.846 
50 0 Skewness 0.004 0.274 0.016 0.108 
Kurtosis -0.878 0.541 -1.622 
1 Skewness -0.584 0.083 -7.067 
Kurtosis 0.253 0.165 1.532 
51 0 Skewness -0.290 0.195 -1.487 0.047 
Kurtosis -0.613 0.387 -1.584 
1 Skewness -0.552 0.087 -6.379 
Kurtosis 0.170 0.173 0.980 
52 0 Skewness -0.491 0.130 -3.780 0.265 
Kurtosis -0.149 0.259 -0.574 
1 Skewness -0.708 0.100 -7.101 
Kurtosis 0.453 0.199 2.275 
53 0 Skewness -0.434 0.175 -2.483 0.168 
Kurtosis -0.343 0.348 -0.985 
1 Skewness -0.586 0.089 -6.602 
Kurtosis 0.175 0.177 0.986 
54 0 Skewness -0.442 0.226 -1.958 0.526 
Kurtosis -0.261 0.447 -0.583 
1 Skewness -0.604 0.085 -7.144 
Kurtosis 0.166 0.169 0.985 
55 0 Skewness -0.459 0.171 -2.684 0.168 
Kurtosis -0.031 0.341 -0.090 
1 Skewness -0.569 0.089 -6.371 
Kurtosis 0.014 0.178 0.077 
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Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
56 0 Skewness -0.508 0.129 -3.948 0.072 
Kurtosis -0.190 0.256 -0.742 
1 Skewness -0.598 0.100 -5.960 
Kurtosis 0.229 0.201 1.140 
57 0 Skewness -0.500 0.104 -4.817 0.689 
Kurtosis -0.172 0.207 -0.827 
1 Skewness -0.718 0.122 -5.880 
Kurtosis 0.569 0.244 2.334 
58 0 Skewness -0.457 0.126 -3.624 0.005 
Kurtosis -0.205 0.251 -0.815 
1 Skewness -0.589 0.102 -5.790 
Kurtosis 0.210 0.203 1.035 
59 0 Skewness -0.533 0.109 -4.912 0.247 
Kurtosis -0.041 0.217 -0.190 
1 Skewness -0.608 0.116 -5.258 
Kurtosis 0.214 0.231 0.926 
60 0 Skewness -0.553 0.116 -4.759 0.448 
Kurtosis -0.071 0.232 -0.307 
1 Skewness -0.663 0.108 -6.135 
Kurtosis 0.312 0.216 1.446 
61 0 Skewness -0.320 0.195 -1.637 0.018 
Kurtosis -0.514 0.389 -1.322 
1 Skewness -0.578 0.087 -6.674 
Kurtosis 0.191 0.173 1.106 
62 0 Skewness -0.443 0.128 -3.474 0.016 
Kurtosis -0.208 0.254 -0.819 
1 Skewness -0.627 0.101 -6.208 
Kurtosis 0.304 0.202 1.511 
63 0 Skewness -0.471 0.127 -3.715 0.314 
Kurtosis 0.049 0.253 0.193 
1 Skewness -0.689 0.101 -6.799 
Kurtosis 0.260 0.202 1.284 
64 0 Skewness -0.368 0.133 -2.774 0.285 
Kurtosis -0.153 0.265 -0.579 
1 Skewness -0.729 0.099 -7.396 
Kurtosis 0.488 0.197 2.481 
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Table 1 (Cont.) 
 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
65 0 Skewness -0.657 0.112 -5.877 0.493 
Kurtosis 0.294 0.223 1.316 
1 Skewness -0.489 0.112 -4.365 
Kurtosis -0.128 0.224 -0.571 
66 0 Skewness -0.548 0.134 -4.084 0.009 
Kurtosis -0.172 0.268 -0.644 
1 Skewness -0.513 0.098 -5.241 
Kurtosis -0.059 0.196 -0.300 
67 0 Skewness -0.402 0.180 -2.237 0.033 
Kurtosis -0.466 0.357 -1.303 
1 Skewness -0.589 0.088 -6.685 
Kurtosis 0.214 0.176 1.214 
68 0 Skewness -0.468 0.125 -3.752 0.024 
Kurtosis -0.082 0.249 -0.331 
1 Skewness -0.623 0.102 -6.085 
Kurtosis 0.194 0.204 0.951 
69 0 Skewness -0.290 0.139 -2.080 0.006 
Kurtosis -0.295 0.278 -1.062 
1 Skewness -0.693 0.096 -7.205 
Kurtosis 0.505 0.192 2.630 
70 0 Skewness -0.312 0.162 -1.926 0.001 
Kurtosis -0.399 0.323 -1.235 
1 Skewness -0.569 0.091 -6.279 
Kurtosis 0.182 0.181 1.008 
71 0 Skewness -0.303 0.142 -2.128 0.002 
Kurtosis -0.466 0.283 -1.646 
1 Skewness -0.681 0.095 -7.150 
Kurtosis 0.536 0.190 2.817 
72 0 Skewness -0.443 0.180 -2.468 0.285 
Kurtosis -0.202 0.357 -0.564 
1 Skewness -0.608 0.088 -6.893 
Kurtosis 0.181 0.176 1.030 
73 0 Skewness -0.338 0.192 -1.759 0 
Kurtosis -0.485 0.381 -1.271 
1 Skewness -0.517 0.087 -5.946 
Kurtosis 0.007 0.174 0.039 
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Table 1 (Cont.) 
 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
74 0 Skewness -0.184 0.178 -1.035 0 
Kurtosis -0.626 0.354 -1.769 
1 Skewness -0.525 0.088 -5.944 
Kurtosis 0.160 0.177 0.904 
75 0 Skewness -0.624 0.128 -4.866 0.515 
Kurtosis 0.086 0.256 0.335 
1 Skewness -0.587 0.101 -5.839 
Kurtosis 0.087 0.201 0.433 
76 0 Skewness -0.396 0.146 -2.707 0.102 
Kurtosis -0.277 0.292 -0.948 
1 Skewness -0.655 0.094 -6.962 
Kurtosis 0.361 0.188 1.921 
77 0 Skewness -0.429 0.219 -1.960 0.19 
Kurtosis -0.352 0.435 -0.809 
1 Skewness -0.589 0.085 -6.940 
Kurtosis 0.152 0.170 0.894 
78 0 Skewness -0.296 0.177 -1.674 0.75 
Kurtosis -0.334 0.352 -0.949 
1 Skewness -0.701 0.089 -7.915 
Kurtosis 0.401 0.177 2.271 
79 0 Skewness -0.248 0.225 -1.102 0.348 
Kurtosis -0.421 0.446 -0.944 
1 Skewness -0.618 0.085 -7.306 
Kurtosis 0.242 0.169 1.434 
80 0 Skewness -0.398 0.135 -2.946 0.058 
Kurtosis -0.350 0.270 -1.300 
1 Skewness -0.667 0.098 -6.831 
Kurtosis 0.436 0.195 2.236 
81 0 Skewness -0.557 0.101 -5.541 0.794 
Kurtosis 0.045 0.201 0.223 
1 Skewness -0.606 0.128 -4.718 
Kurtosis 0.135 0.256 0.526 
82 0 Skewness -0.437 0.145 -3.025 0.914 
Kurtosis -0.077 0.288 -0.268 
1 Skewness -0.661 0.095 -6.993 
Kurtosis 0.248 0.189 1.313 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
83 0 Skewness -0.386 0.114 -3.376 0.705 
Kurtosis -0.089 0.228 -0.392 
1 Skewness -0.810 0.110 -7.383 
Kurtosis 0.593 0.219 2.710 
84 0 Skewness -0.318 0.137 -2.331 0 
Kurtosis -0.397 0.272 -1.457 
1 Skewness -0.546 0.097 -5.624 
Kurtosis 0.247 0.194 1.274 
85 0 Skewness -0.180 0.188 -0.956 0.046 
Kurtosis -0.370 0.374 -0.989 
1 Skewness -0.648 0.087 -7.428 
Kurtosis 0.336 0.174 1.930 
86 0 Skewness -0.521 0.105 -4.964 0.088 
Kurtosis -0.022 0.210 -0.106 
1 Skewness -0.638 0.120 -5.302 
Kurtosis 0.214 0.240 0.890 
87 0 Skewness -0.163 0.159 -1.027 0 
Kurtosis -0.423 0.316 -1.337 
1 Skewness -0.554 0.091 -6.073 
Kurtosis 0.190 0.182 1.044 
88 0 Skewness -0.599 0.136 -4.415 0.372 
Kurtosis 0.020 0.271 0.074 
1 Skewness -0.576 0.097 -5.911 
Kurtosis 0.043 0.195 0.219 
89 0 Skewness -0.593 0.181 -3.277 0.002 
Kurtosis -0.495 0.360 -1.373 
1 Skewness -0.497 0.088 -5.643 
Kurtosis 0.047 0.176 0.270 
90 0 Skewness -0.733 0.098 -7.517 0.637 
Kurtosis 0.364 0.195 1.870 
1 Skewness -0.373 0.135 -2.757 
Kurtosis -0.117 0.270 -0.433 
91 0 Skewness -0.659 0.139 -4.733 0.005 
Kurtosis -0.206 0.277 -0.743 
1 Skewness -0.408 0.096 -4.243 
Kurtosis -0.242 0.192 -1.259 
92 0 Skewness -0.445 0.154 -2.884 0.679 
Kurtosis 0.124 0.307 0.402 
1 Skewness -0.667 0.092 -7.239 
Kurtosis 0.218 0.184 1.182 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
93 0 Skewness -0.570 0.114 -4.999 0.586 
Kurtosis -0.054 0.227 -0.236 
1 Skewness -0.574 0.110 -5.219 
Kurtosis 0.204 0.220 0.930 
94 0 Skewness -0.061 0.182 -0.336 0 
Kurtosis -0.707 0.362 -1.952 
1 Skewness -0.570 0.088 -6.488 
Kurtosis 0.393 0.176 2.239 
95 0 Skewness -0.062 0.193 -0.321 0.181 
Kurtosis -0.351 0.384 -0.915 
1 Skewness -0.675 0.087 -7.781 
Kurtosis 0.464 0.173 2.675 
96 0 Skewness -0.608 0.126 -4.816 0.13 
Kurtosis 0.014 0.252 0.055 
1 Skewness -0.526 0.102 -5.181 
Kurtosis -0.032 0.203 -0.157 
97 0 Skewness -0.413 0.190 -2.172 0.102 
Kurtosis -0.299 0.378 -0.791 
1 Skewness -0.602 0.087 -6.916 
Kurtosis 0.186 0.174 1.067 
98 0 Skewness -0.213 0.231 -0.918 0.246 
Kurtosis -0.695 0.459 -1.513 
1 Skewness -0.627 0.084 -7.445 
Kurtosis 0.283 0.168 1.681 
99 0 Skewness -0.376 0.180 -2.096 0.102 
Kurtosis -0.325 0.357 -0.909 
1 Skewness -0.614 0.088 -6.969 
Kurtosis 0.236 0.176 1.340 
100 0 Skewness -0.426 0.119 -3.586 0 
Kurtosis -0.262 0.237 -1.107 
1 Skewness -0.600 0.106 -5.653 
Kurtosis 0.332 0.212 1.567 
101 0 Skewness -0.497 0.141 -3.514 0 
Kurtosis -0.388 0.282 -1.377 
1 Skewness -0.424 0.095 -4.445 
Kurtosis -0.166 0.191 -0.870 
102 0 Skewness -0.482 0.122 -3.935 0.002 
Kurtosis -0.253 0.244 -1.034 
1 Skewness -0.573 0.104 -5.524 
Kurtosis 0.260 0.207 1.258 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
103 0 Skewness -0.409 0.145 -2.828 0.55 
Kurtosis -0.299 0.288 -1.038 
1 Skewness -0.732 0.095 -7.737 
Kurtosis 0.536 0.189 2.840 
104 0 Skewness -0.483 0.137 -3.538 0.08 
Kurtosis -0.260 0.272 -0.954 
1 Skewness -0.624 0.097 -6.424 
Kurtosis 0.309 0.194 1.591 
105 0 Skewness -0.074 0.185 -0.400 0 
Kurtosis -0.611 0.368 -1.658 
1 Skewness -0.606 0.088 -6.927 
Kurtosis 0.378 0.175 2.165 
106 0 Skewness -0.146 0.261 -0.559 0.815 
Kurtosis -0.566 0.517 -1.095 
1 Skewness -0.613 0.083 -7.376 
Kurtosis 0.292 0.166 1.758 
107 0 Skewness -0.358 0.200 -1.791 0.495 
Kurtosis -0.217 0.397 -0.545 
1 Skewness -0.623 0.086 -7.231 
Kurtosis 0.204 0.172 1.185 
108 0 Skewness -0.419 0.145 -2.886 0.537 
Kurtosis -0.223 0.289 -0.771 
1 Skewness -0.712 0.094 -7.539 
Kurtosis 0.466 0.189 2.469 
109 0 Skewness -0.380 0.291 -1.306 0.464 
Kurtosis -0.460 0.574 -0.802 
1 Skewness -0.599 0.082 -7.278 
Kurtosis 0.162 0.164 0.986 
110 0 Skewness -0.606 0.094 -6.461 0.587 
Kurtosis 0.098 0.187 0.523 
1 Skewness -0.557 0.148 -3.774 
Kurtosis 0.018 0.294 0.060 
111 0 Skewness -0.204 0.209 -0.977 0 
Kurtosis -0.836 0.416 -2.010 
1 Skewness -0.572 0.085 -6.694 
Kurtosis 0.257 0.171 1.504 
112 0 Skewness -0.295 0.219 -1.348 0.002 
Kurtosis -0.597 0.435 -1.374 
1 Skewness -0.550 0.085 -6.479 
Kurtosis 0.116 0.170 0.683 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
113 0 Skewness -0.453 0.123 -3.685 0.106 
Kurtosis -0.064 0.245 -0.259 
1 Skewness -0.674 0.103 -6.521 
Kurtosis 0.310 0.206 1.499 
114 0 Skewness -0.480 0.124 -3.875 0.024 
Kurtosis -0.125 0.247 -0.508 
1 Skewness -0.631 0.103 -6.129 
Kurtosis 0.240 0.205 1.170 
115 0 Skewness -0.519 0.153 -3.393 0.026 
Kurtosis -0.277 0.304 -0.909 
1 Skewness -0.555 0.093 -6.003 
Kurtosis 0.165 0.185 0.891 
116 0 Skewness -0.296 0.156 -1.897 0.029 
Kurtosis -0.395 0.311 -1.270 
1 Skewness -0.657 0.092 -7.155 
Kurtosis 0.483 0.183 2.633 
117 0 Skewness -0.320 0.144 -2.221 0 
Kurtosis -0.403 0.287 -1.405 
1 Skewness -0.614 0.095 -6.479 
Kurtosis 0.353 0.189 1.867 
118 0 Skewness 0.256 0.247 1.034 0 
Kurtosis -0.523 0.490 -1.067 
1 Skewness -0.506 0.084 -6.054 
Kurtosis 0.087 0.167 0.520 
119 0 Skewness -0.179 0.191 -0.941 0.043 
Kurtosis -0.645 0.379 -1.702 
1 Skewness -0.620 0.087 -7.130 
Kurtosis 0.412 0.174 2.372 
120 0 Skewness -0.346 0.180 -1.920 0.103 
Kurtosis -0.445 0.358 -1.242 
1 Skewness -0.631 0.088 -7.157 
Kurtosis 0.311 0.176 1.765 
121 0 Skewness -0.015 0.223 -0.069 0.015 
Kurtosis -0.698 0.442 -1.580 
1 Skewness -0.568 0.085 -6.715 
Kurtosis 0.278 0.169 1.646 
122 0 Skewness -0.668 0.182 -3.667 0.893 
Kurtosis 0.294 0.362 0.812 
1 Skewness -0.557 0.088 -6.343 
Kurtosis 0.011 0.176 0.065 
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Table 1 (Cont.) 
Pseudonym 
ID Number 
Dichotomous 
Variable 
Normality 
Values 
Statistic Std. 
Error 
Z-
score 
Levene's 
Test 
Signi. 
123 0 Skewness -0.352 0.214 -1.644 0.095 
Kurtosis -0.073 0.425 -0.173 
1 Skewness -0.718 0.085 -8.434 
Kurtosis 0.413 0.170 2.426 
124 0 Skewness -0.391 0.113 -3.462 0.025 
Kurtosis -0.102 0.225 -0.451 
1 Skewness -0.834 0.111 -7.525 
Kurtosis 0.826 0.221 3.732 
125 0 Skewness -0.380 0.153 -2.491 0.188 
Kurtosis -0.202 0.304 -0.666 
1 Skewness -0.665 0.093 -7.178 
Kurtosis 0.343 0.185 1.856 
126 0 Skewness -0.141 0.213 -0.661 0 
Kurtosis -0.823 0.423 -1.943 
1 Skewness -0.512 0.085 -6.006 
Kurtosis 0.114 0.170 0.670 
127 0 Skewness -0.560 0.136 -4.121 0.224 
Kurtosis -0.100 0.271 -0.368 
1 Skewness -0.560 0.097 -5.751 
Kurtosis 0.123 0.194 0.633 
128 0 Skewness -0.444 0.145 -3.064 0.047 
Kurtosis -0.388 0.289 -1.343 
1 Skewness -0.641 0.094 -6.782 
Kurtosis 0.387 0.189 2.051 
129 0 Skewness -0.354 0.167 -2.116 0.01 
Kurtosis -0.437 0.333 -1.311 
1 Skewness -0.598 0.090 -6.654 
Kurtosis 0.258 0.179 1.441 
130 0 Skewness -0.713 0.136 -5.247 0.001 
Kurtosis -0.078 0.271 -0.287 
1 Skewness -0.399 0.097 -4.097 
Kurtosis -0.066 0.194 -0.342 
 
Descriptive Analysis  
 
 A total of 952 test attempts were analyzed using SPSS. The test attempts provided 
individual responses to each of the exam’s 130 questions. As a result, the data set provided 
123,760 clinical data manager responses to the exam questions. The data set provided an 
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indication of whether a clinical data manager correctly or incorrectly answered the questions in 
the 123,760 responses. The highest total exam score was 121 and the lowest total exam score 
was 46 with a range of 75. The mean total exam score was 91.90. The analysis yielded a median 
total exam score of 93. As another measure of descriptive statistics, the mode was calculated. 
The analysis yielded a mode of 92. Additionally, a standard deviation of 13.94 provided an 
indication of how far each clinical data manager’s score was from the average exam score. 
Cronbach’s Alpha was calculated for the overall certification exam and yielded a value of .88. 
Cronbach’s Alpha provides an indication of the extent to which a clinical data manager’s total 
exam score (observed score) variance on the overall exam is credited to the variance of the true 
score (Cronbach, 1951). More specifically, the Alpha represents a determination of whether the 
ability of exam takers can be ranked as lowest to highest in the domain being assessed (De 
Champlain, 2010). Since the Cronbach’s Alpha of .88 is well above the widely accepted value of 
.70 as noted by Salkind (2016), the certification exam questions consistently measures the ability 
of test takers.  
Hypothesis Testing 
 
 To protect the integrity of the certification exam, each of the exam’s 130 questions was 
randomly assigned a pseudonym ranging from 1 to 130. The tables and scatterplots below 
present the “Pseudonym ID”, p-values, and corrected point-biserial correlation values resulting 
from the analysis. The corrected point-biserial correlation is the traditional point-biserial 
correlation but excludes the results of the question at the focus of the correlation (Crocker & 
Algina, 1986). The corrected point-biserial correlation was calculated in lieu of the traditional 
point-biserial correlation because the corrected point-biserial correlation accounts for the 
potential overstatement of the correlation when one variable is partially determined by another 
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(LeBlanc & Cox, 2017). Therefore, the corrected point-biseral correlation was appropriate given 
that this study’s total exam score (dependent variable) being partially determined by a clinical 
data manager’s response to each question (independent variable).  
Hypothesis One: Design Tasks Domain Item Analysis Results  
 
 Forty-two of the certification exam’s questions were in the design tasks competency 
domain. P-values and corrected point-biserial correlation values are presented in Table 2.  
Table 2: Design Tasks Competency Domain Raw Values 
 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-Value Corrected 
PBC 
Scatterplot 
Section 
Q104 Specify edit 
checks 
Design 
Tasks 
0.4779 0.298 S2 
Q127 Design data 
collection 
forms 
Design 
Tasks 
0.4979 0.385 S2 
Q54 Implement 
data standards 
Design 
Tasks 
0.4317 0.218 S2 
Q121 Specify edit 
checks 
Design 
Tasks 
0.7101 0.344 S3 
Q126 Identify data 
to be 
collected 
Design 
Tasks 
0.6113 0.375 S3 
Q35 Select data 
standards 
Design 
Tasks 
0.7027 0.184 S3 
Q36 Specify edit 
checks 
Design 
Tasks 
0.6912 0.185 S3 
Q42 Specify 
reports 
Design 
Tasks 
0.6649 0.197 S3 
Q43 Write or 
maintain org. 
SOPs 
Design 
Tasks 
0.6607 0.199 S3 
Q48 Identify data 
to be 
collected 
Design 
Tasks 
0.6775 0.207 S3 
Q49 Specify edit 
checks 
Design 
Tasks 
0.5977 0.208 S3 
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Table 2 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-Value Corrected 
PBC 
Scatterplot 
Section 
Q65 Write and 
maintain Data 
Management 
Plan 
Design 
Tasks 
0.7983 0.229 S3 
Q66 Write and 
maintain Data 
Management 
Plan 
Design 
Tasks 
0.7826 0.229 S3 
Q72 Write or 
maintain org. 
SOPs 
Design 
Tasks 
0.6996 0.233 S3 
Q75 Manage 
organizational 
data standards 
Design 
Tasks 
0.7321 0.247 S3 
Q76 Define study 
data elements 
Design 
Tasks 
0.5599 0.248 S3 
Q78 Specify edit 
checks 
Design 
Tasks 
0.6786 0.251 S3 
Q93 Identify data 
to be 
collected 
Design 
Tasks 
0.7227 0.276 S3 
Q96 Specify edit 
checks 
Design 
Tasks 
0.7794 0.28 S3 
Q98 Design data 
collection 
forms 
Design 
Tasks 
0.5095 0.281 S3  
Q113 Define study 
data elements 
Design 
Tasks 
0.8645 0.311 S4 
Q117 Design data 
collection 
forms 
Design 
Tasks 
0.9002 0.318 S4 
Q118 Specify 
database 
tables 
Design 
Tasks 
0.8761 0.333 S4 
Q120 Specify edit 
checks 
Design 
Tasks 
0.8298 0.336 S4 
Q122 Specify 
reports 
Design 
Tasks 
0.813 0.348 S4 
Q27 Define study 
data elements 
Design 
Tasks 
0.8109 0.157 S4 
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Table 2 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-Value Corrected 
PBC 
Scatterplot 
Section 
Q32 Specify edit 
checks 
Design 
Tasks 
0.9286 0.173 S4 
Q44 Specify edit 
checks 
Design 
Tasks 
0.8351 0.201 S4 
Q50 Implement 
data standards 
Design 
Tasks 
0.8015 0.209 S4 
Q73 Select data 
standards 
Design 
Tasks 
0.8141 0.237 S4 
Q82 Write and 
maintain Data 
Management 
Plan 
Design 
Tasks 
0.8897 0.256 S4 
Q83 Specify 
reports 
Design 
Tasks 
0.7017 0.261 S4 
Q86 Specify data 
entry screens 
Design 
Tasks 
0.8655 0.264 S4 
Q89 Writes test 
plans 
Design 
Tasks 
0.8193 0.272 S4 
Q92 Select data 
standards 
Design 
Tasks 
0.6523 0.276 S4 
Q1 Design data 
collection 
forms 
Design 
Tasks 
0.3403 -0.204 S6 
Q23 Specify edit 
checks 
Design 
Tasks 
0.4811 0.137 S6 
Q11 Defines in-
process data 
QC 
Design 
Tasks 
0.6197 0.095 S7 
Q16 Design data 
collection 
forms 
Design 
Tasks 
0.6271 0.122 S7 
Q17 Specify 
reports 
Design 
Tasks 
0.7017 0.126 S7 
Q18 Identify data 
to be 
collected 
Design 
Tasks 
0.7553 0.128 S7 
Q3 Write and 
maintain Data 
Management 
Plan 
Design 
Tasks 
0.5179 -0.033 S7 
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The corrected point-biserial correlation value and the p-value for each question in the 
design tasks competency domain is presented in the scatterplot (Figure 2) below. Figure 2 is 
segmented into 8 sections. Hypothesis 1 stated that there were no questions with corrected point-
biserial correlation values > .15 and p-values < .50 within the design tasks competency domain. 
The null hypothesis was rejected because there are three questions within the design tasks 
competency domain with corrected point-biserial correlation values > .15 and p-values < .50. As 
reflected in Figure 3, “Q104”, “Q127”, and “Q54,” yielded corrected point-biserial correlation 
values > .15 and p-values < .50.  
Q104 is another question within the design tasks competency domain with corrected 
point-biserial correlation values > .15 and p-values < .50. Q104 produced a p-value of .4779 and 
a corrected point-biserial correlation value of .298. The p-value of less than .50 indicates the 
majority of clinical data managers struggle with the question. The question’s corrected point-
biserial correlation indicates an appropriate level of question reliability, which suggests there is 
no need to review the question for quality assurance. 
Q127 is another question within the design tasks competency domain with corrected 
point-biserial correlation values > .15 and p-values < .50. Q127 produced a p-value of .4979 and 
a corrected point-biserial correlation value of .385. The p-value of less than .50 indicates the 
majority of clinical data managers struggle with the question. The question’s corrected point-
biserial correlation indicates an appropriate level of question reliability which suggests there is 
no need to review the question for quality assurance. Therefore, a need for additional exam 
preparation in the form of training or other intervention associated with the design tasks 
competency domain exists. 
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Q54 produced a p-value of .4317 and a corrected point-biserial correlation value of .218. 
The p-value of less than .50 indicates clinical data managers struggle with the question. The 
question’s corrected point-biserial correlation indicates an appropriate level of question 
reliability, which suggests there is no need to review the question for quality assurance. 
 
 
 
 
 
 
 
 
 
 
Hypothesis Two: Data Processing Tasks Domain Item Analysis Results 
  
Thirty-seven of the certification exam’s questions were in the data processing tasks 
competency domain. P-values and corrected point-biserial correlation values are presented in 
Table 3 (below).  
Table 3: Data Processing Tasks Competency Domain Raw Values 
 
Pseudonym 
ID 
SCDM 
Competency 
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q63 Enter data Data 
Processing 
Tasks 
0.4979 0.227 S2 
Q100 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.6765 0.287 S3 
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Table 3 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency 
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q110 Manual data 
listing review 
Data 
Processing 
Tasks 
0.792 0.307 S3 
Q119 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.584 0.335 S3 
Q124 Code data Data 
Processing 
Tasks 
0.5441 0.36 S3 
Q128 Code data Data 
Processing 
Tasks 
0.6649 0.387 S3 
Q30 Code data Data 
Processing 
Tasks 
0.521 0.172 S3 
Q39 Archive study 
data 
Data 
Processing 
Tasks 
0.5557 0.189 S3 
Q40 Code data Data 
Processing 
Tasks 
0.7962 0.192 S3 
Q45 Enter data Data 
Processing 
Tasks 
0.7784 0.201 S3 
Q64 Query sites to 
resolve data 
discrepancies 
Data 
Processing 
Tasks 
0.7027 0.227 S3 
Q67 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.7731 0.23 S3 
Q68 Reconcile 
data  
Data 
Processing 
Tasks 
0.6061 0.23 S3 
Q69 Archive study 
data 
Data 
Processing 
Tasks 
0.7878 0.231 S3 
Q74 Apply 
randomization 
codes 
Data 
Processing 
Tasks 
0.5368 0.244 S3 
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Table 3 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency 
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q85 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.6534 0.264 S3 
Q90 Query sites to 
resolve data 
discrepancies 
Data 
Processing 
Tasks 
0.7637 0.273 S3 
Q91 Collect study 
data 
Data 
Processing 
Tasks 
0.7384 0.273 S3 
Q97 Apply 
randomization 
codes 
Data 
Processing 
Tasks 
0.6113 0.281 S3 
Q102 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.8372 0.297 S4 
Q105 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.8036 0.298 S4 
Q106 Manual data 
listing review 
Data 
Processing 
Tasks 
0.8078 0.299 S4 
Q111 Manage data 
system 
accounts 
Data 
Processing 
Tasks 
0.9107 0.307 S4 
Q125 Specify edit 
checks 
Data 
Processing 
Tasks 
0.8372 0.362 S4 
Q130 Reconcile 
data  
Data 
Processing 
Tasks 
0.9097 0.406 S4 
Q31 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.8319 0.173 S4 
Q37 Identify data 
discrepancies 
Data 
Processing 
Tasks 
0.8718 0.186 S4 
Q38 Reconcile 
data  
Data 
Processing 
Tasks 
0.8718 0.189 S4 
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Table 3 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency 
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q46 Reconcile 
data  
Data 
Processing 
Tasks 
0.8603 0.206 S4 
Q52 Code data Data 
Processing 
Tasks 
0.8246 0.214 S4 
Q56 Code data Data 
Processing 
Tasks 
0.8298 0.219 S4 
Q81 Reconcile 
data  
Data 
Processing 
Tasks 
0.8929 0.256 S4 
Q95 Code data Data 
Processing 
Tasks 
0.8508 0.28 S4 
Q2 Update 
database from 
queries 
Data 
Processing 
Tasks 
0.4989 -0.042 S6 
Q4 Enter data Data 
Processing 
Tasks 
0.6618 0.031 S7 
Q5 Reconcile 
data  
Data 
Processing 
Tasks 
0.5525 0.042 S7 
Q19 Code data Data 
Processing 
Tasks 
0.8351 0.128 S8 
 
The corrected point-biserial correlation value and the p-value for each question in the 
data processing tasks competency domain is presented in the scatterplot (Figure 3) below. 
Hypothesis 2 stated that there are no questions with corrected point-biserial correlation values > 
.15 and p-values < .50 within the data processing tasks competency domain. The null hypothesis 
was rejected because there is a question within the data processing tasks competency domain 
with a corrected point-biserial correlation value > .15 and a p-value < .50. As reflected in Figure 
4, there was one exam question with a corrected point-biserial correlation value > .15 and a p-
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value < .50 within the data processing tasks competency domain: Question “Q63.” Of the thirty-
seven certification exam’s questions within the data processing tasks competency domain, one 
exam question yielded a corrected point-biserial correlation value > .15 and a p-value < .50: 
Q63. Q63 produced a p-value of .4979 and a corrected point-biserial correlation value of .227. 
The p-value of less than .50 indicates the largest portion of clinical data managers struggle with 
the question. The question’s corrected point-biserial correlation indicates an appropriate level of 
question reliability which indicates there is no need to review the question for quality assurance. 
 
 
Hypothesis Three: Programming Tasks Domain Item Analysis Results 
 
Four of the certification exam’s questions were in the programming tasks competency 
domain. P-values and corrected point-biserial correlation values are presented in Table 4 
(below).  
 
 
105 
 
 
Table 4: Programming Tasks Competency Domain Raw Values 
 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-Value Corrected 
PBC 
Scatterplo
t Section 
Q115 Program data 
extracts 
Programming 
Tasks 
0.3666 0.313 S2 
Q108 Program data 
transformation 
Programming 
Tasks 
0.7553 0.305 S3 
Q12 Program database 
tables 
Programming 
Tasks 
0.4191 0.102 S6 
Q8 Program data 
imports or 
configure loading 
control file 
Programming 
Tasks 
0.3792 0.088 S6 
 
The corrected point-biserial correlation value and the p-value for each question in the 
programming tasks competency domain are presented in the scatterplot (Figure 4) below. 
Hypothesis 3 stated that there are no questions with corrected point-biserial correlation values > 
.15 and p-values < .50 within the programming tasks competency domain. The null hypothesis 
was rejected because there is a question within the programming tasks competency domain with 
a corrected point-biserial correlation value > .15 and a p-value < .50. As reflected in Figure 5, 
there was one exam question with a corrected point-biserial correlation value > .15 and a p-value 
< .50 within the programming tasks competency domain: Question “Q115.” The analysis of 
question Q115 produced a p-value of .3666 and a corrected point-biserial correlation value of 
.313. The p-value of less than .50 indicates clinical data managers struggle with the question. 
Q115’s corrected point-biserial correlation value indicates an appropriate level of question 
reliability, which suggests there is no need to review the question for quality assurance. 
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Hypothesis Four: Testing Tasks Domain Item Analysis Results  
 
Three of the certification exam’s questions were in the testing tasks competency domain. 
P-values and corrected point-biserial correlation values are presented in Table 5 (below).  
Table 5: Testing Tasks Competency Domain Raw Values 
 
Pseudonym 
ID 
SCDM Competency  Competency 
Domain 
p-Value Corrected 
PBC 
Scatterplot 
Section 
Q109 Test load 
programming  
Testing Tasks 0.5924 0.306 S3 
Q22 Test database tables  Testing Tasks 0.6586 0.136 S7 
Q6 Test data entry screens  Testing Tasks 0.813 0.062 S8 
 
The corrected point-biserial correlation value and the p-value for each question in the 
testing tasks competency domain is presented in the scatterplot (Figure 5) below. Hypothesis 4 
stated that there were no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the testing tasks competency domain. We fail to reject the null hypothesis 
because there were no exam questions with a corrected point-biserial correlation values > .15 
and p-values < .50 within the testing tasks competency domain.  
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Hypothesis Five: Coordination and Management Tasks Domain Item Analysis Results 
  
Forty-three of the certification exam’s questions were in the coordination and 
management tasks competency domain. P-values and corrected point-biserial correlation values 
are presented in Table 6 (below).  
Table 6: Coordination and Management Tasks Competency Domain Raw Values
 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q15 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.4685 0.121 Q6 
Q53 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.4254 0.218 S2 
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Table 6 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q101 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.6303 0.293 S3 
Q103 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.6523 0.297 S3 
Q107 Vendor 
management 
Coordination 
and 
Management 
Tasks 
0.77 0.301 S3 
Q112 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.7143 0.308 S3 
Q114 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.7532 0.312 S3 
Q123 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.7447 0.355 S3 
Q129 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.7973 0.391 S3 
Q28 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.6071 0.159 S3 
Q34 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.6019 0.182 S3 
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Table 6 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q41 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.583 0.195 S3 
Q51 Manages scope 
of work 
Coordination 
and 
Management 
Tasks 
0.6324 0.212 S3 
Q58 Coordinate 
data transfers 
Coordination 
and 
Management 
Tasks 
0.6702 0.221 S3 
Q59 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.6303 0.221 S3 
Q60 Identifies and 
communicates 
risk 
Coordination 
and 
Management 
Tasks 
0.709 0.226 S3 
Q62 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.6355 0.227 S3 
Q70 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.646 0.231 S3 
Q77 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.688 0.25 S3 
Q79 Track study 
data metrics 
Coordination 
and 
Management 
Tasks 
0.5861 0.251 S3 
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Table 6 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q80 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.6155 0.252 S3 
Q84 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.7038 0.263 S3 
Q88 Coordinates 
implementation 
new data 
system  
Coordination 
and 
Management 
Tasks 
0.6324 0.269 S3 
Q116 Vendor 
management 
Coordination 
and 
Management 
Tasks 
0.8235 0.314 S4 
Q26 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.8592 0.154 S4 
Q29 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.8855 0.164 S4 
Q33 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.8319 0.175 S4 
Q47 Coordinates 
implementation 
new data 
system 
Coordination 
and 
Management 
Tasks 
0.8782 0.207 S4 
Q55 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.8078 0.218 S4 
  
111 
 
Table 6 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q61 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.8088 0.226 S4 
Q71 Coordinate 
data transfers 
Coordination 
and 
Management 
Tasks 
0.8866 0.232 S4 
Q87 Vendor 
management 
Coordination 
and 
Management 
Tasks 
0.9191 0.268 S4 
Q94 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.8382 0.278 S4 
Q99 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.834 0.283 S4 
Q7 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.2857 0.083 S5 
Q14 Manages scope 
of work 
Coordination 
and 
Management 
Tasks 
0.6618 0.104 S7 
Q20 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.6239 0.129 S7 
Q21 Track study 
data metrics 
Coordination 
and 
Management 
Tasks 
0.6996 0.136 S7 
  
112 
 
Table 6 (Cont.) 
Pseudonym 
ID 
SCDM 
Competency  
Competency 
Domain 
p-
Value 
Corrected 
PBC 
Scatterplot 
Section 
Q24 Manages scope 
of work 
Coordination 
and 
Management 
Tasks 
0.7405 0.138 S7 
Q9 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.7332 0.09 S7 
Q10 Coordinate 
Database lock 
Coordination 
and 
Management 
Tasks 
0.8288 0.092 S8 
Q13 Coordinate 
data 
discrepancy 
identification 
and resolution 
Coordination 
and 
Management 
Tasks 
0.8771 0.103 S8 
Q25 Project 
management of 
Data 
Management  
Coordination 
and 
Management 
Tasks 
0.8456 0.146 S8 
 
The corrected point-biserial correlation value and the p-value for each question in the 
coordination and management tasks competency domain is presented in the scatterplot (Figure 6) 
below. Hypothesis 5 stated that there were no questions with corrected point-biserial correlation 
values > .15 and p-values < .50 within the coordination and management tasks competency 
domain. The null hypothesis was rejected. As reflected in Figure 6, there was one exam question 
with a corrected point-biserial correlation values > .15 and p-values < .50 within the 
coordination and management tasks competency domain: Question “Q53.” Q53 produced a p-
value of .4254 and a corrected point-biserial correlation value of .218. The p-value of less than 
.50 indicated that the majority of clinical data managers struggle with the question. Q53’s 
corrected point-biserial correlation value indicated an appropriate level of question reliability, 
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which suggests there is no need to review the question for quality assurance. Therefore, a need 
for additional exam preparation in the form of training or other intervention associated with the 
coordination and management tasks competency domain exists.  
 
Hypothesis Six: Review Tasks Domain Item Analysis Results  
 
Only one of the certification exam’s questions was in the review tasks competency 
domain. P-values and corrected point-biserial correlation values are presented in Table 7 
(below).  
Table 7: Review Tasks Competency Domain Raw Values 
 
Pseudonym 
ID 
SCDM Competency  Competency 
Domain 
p-Value Corrected 
PBC 
Scatterplo
t Section 
Q57 Review study protocol Review Tasks 0.6218 0.219 S3 
 
The corrected point-biserial correlation value and the p-value for each question in the 
review tasks competency domain is presented in the scatterplot (Figure 7) below. Hypothesis 6 
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stated that there were no questions with corrected point-biserial correlation values > .15 and p-
values < .50 within the review tasks competency domain. We fail to reject the null hypothesis.  
As reflected in Figure 7, there were no exam questions with a corrected point-biserial correlation 
values > .15 and p-values < .50 within the review tasks competency domain.  
 
Chapter IV Summary 
  
Chapter four detailed the quantitative descriptive research design that examined the 
frequency of correct responses to questions in the competency domains of the Certified Clinical 
Data Manager ExamTM. Values for point-biserial correlations and p-values were presented to 
discriminate between questions that could potentially be written poorly and questions that require 
clinical data managers to prepare better. The values presented in this chapter identified six exam 
questions that indicated a need for additional preparation on behalf of clinical data managers.  
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Chapter V: Discussion, Implications, and Recommendations 
 
The purpose of this study was to understand how clinical data managers perform in each 
of the Certified Clinical Data Manager ExamTM competency domains to inform exam preparation 
through the examination of the areas of the exam that clinical data managers struggle with. The 
research question’s reference to understanding the frequency of responses to each question in 
each competency domain required a descriptive approach to analyzing the data. As informed by 
classical test theory, this study’s analysis used methods that are traditionally associated with 
psychometric tests to better understand clinical data manager responses to questions on the 
certification exam. De-identified secondary data requested from SCDM was used to address the 
research question. Given that each exam question is formally linked to one of 91 certification 
exam competencies by SCDM, this chapter discusses the meanings of those findings and 
provides related recommendations.  
Overall Certification Exam Strength 
 
 As a measure of reliability, Cronbach’s Alpha was calculated for the overall certification 
exam, yielding a value of .88. The value of .88 is an indication of the extent to which a clinical 
data manager’s total exam score (observed score) variance on the overall exam is credited to the 
variance of their true score (Cronbach, 1951). More specifically, the Alpha represents a 
determination of whether the ability of exam takers can be ranked from lowest to highest in the 
domain that is being assessed (De Champlain, 2010). Since a Cronbach’s Alpha of .88 is well 
above the widely accepted value of .70, the certification exam is designed to consistently 
measure the ability of test takers in the exam questions and their linked competencies. This is an 
indication that a clinical data manager’s observed score (total exam score) is very close to their 
true score. Salkind (2016) noted that the higher the reliability of an exam, the less the impact of 
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random error. Less random error is an indication that the observed score and true score are closer 
to being the same score.  
The mean total exam score was 91.93. The analysis yielded a median total exam score of 
93.The median of the total exam score provided information to understand the distribution of 
total exam scores. In considering Salkind’s (2016) interpretation of the median, 50% of the total 
exam scores are above a raw score of 93, and 50% of the total exam scores are below a raw score 
of 93.  
Mutual Exclusivity of Classical Test Theory Findings  
  
 The certification exam questions were designed to test the competencies needed to be a 
competent clinical data manager (Zozus et al., 2017). As discussed in Chapter 1, not all of the 91 
certification exam competencies are tested on the certification exam. However, this is not a 
concern of this study because of this study’s specific focus on the competencies that were tested.  
 Although not all of the certification exam competencies were tested on the exam, several 
certification exam competencies were tested through multiple certification exam questions. Thus, 
there is a lack of mutual exclusivity of the testing of the certification exam competencies through 
certification exam questions.  
In classical test theory, questions chosen for an exam represent an infinite number of 
potential questions from a domain (De Champlain, 2010). Additionally, exams are increasingly 
more reliable when the number of test questions increases (Kline, 2005). The effect of increasing 
the number of exam question on an exam’s reliability is a strong indication that the testing of 
exam competencies through multiple questions is encouraged because it provides an 
understanding of the extent to which an exam question measures the competency more 
consistently.   
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 Another consideration of the testing of a certification exam competency through multiple 
exam questions is the potential for opposing findings. As presented in the competency domain 
tables of Chapter 4, some exam questions that tested the same competency yielded exam 
preparation needs while others did not. This approach to identifying competencies that indicated 
an additional need for exam preparation was based on corrected point-biseral correlation values 
and p-values of classical test theory. These values are highly dependent on the sample of 
individuals studied. This dependence results in a reflection of how much of a domain (or 
competency) is possessed by person because a score on a question reflects an individual’s true 
score (DeVellis, 2006). An individual’s true score represents an accurate measurement of a 
person’s ability in some domain of an exam if the exam was designed to perfectly measure the 
domain and no random error existed (De Champlain, 2010). In addition, scores earned are also 
dependent on the difficulty levels of the test questions. If the subjects were given another 
certification exam with less difficult or more difficult questions, their score would probably be 
higher or lower respectively (Kohli, Koran, & Henn, 2014). As observed in the competency 
domain tables of Chapter 4, the difficulty levels (p-values) of questions testing the same 
competencies were different. Exam preparation needs in a certification exam competency can be 
identified by some questions and not identified by others because of the varying levels of 
difficulty of each exam question.  
Design Tasks Competency Domain Summary of Findings 
 
As noted in Chapter 4, hypothesis one was rejected because the analysis of data from 
question Q54 produced a p-value of .4317 and a corrected point-biserial correlation value of .218 
and indicated a need for additional exam preparation in the form of training or other intervention 
in implementing data standards. Implementing data standards for a clinical trial are significant 
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because they ensure the consistency of how data is managed across the clinical trial (Prokscha, 
2012). Given the results this study’s data analysis, there is an exam preparation need for clinical 
data managers to develop more competency in implementing data standards.  
Q104 produced a p-value of .4779 and a corrected point-biserial correlation value of 
.298. Therefore, a need for additional exam preparation in the form of training or other 
intervention associated with the design tasks competency domain exists. Q104 is formally linked 
to the exam competency of specifying edit checks, a process for making corrections to the data 
that has been collected (Prokscha, 2012). Therefore, the analysis indicates there is a need for 
clinical data managers to have additional competency in specifying edit checks.  
Q127 produced a p-value of .4979 and a corrected point-biserial correlation value of 
.385. Therefore, a need for additional exam preparation in the form of training or other 
intervention associated with the design tasks competency domain exists. Q127 is formally linked 
to the exam competency of designing data collection forms. Therefore, the analysis indicates 
there is a need for clinical data managers to have additional competency in designing data 
collection forms. 
Data Processing Tasks Competency Domain Summary of Findings 
 
Q63 produced a p-value of .4979 and a corrected point-biserial correlation value of .227. 
Therefore, a need for additional exam preparation in the form of training or other intervention 
associated with the data processing tasks competency domain exists. Q63 is formally linked to 
the exam competency of entering data. Thus, there is a need for clinical data managers to have 
additional competency in entering data.  
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Programming Tasks Competency Domain Summary of Findings 
 
Q115 produced a p-value of .3666 and a corrected point-biserial correlation value of 
.313. In comparison to the other questions that yielded a need for additional exam preparation, 
Q115’s p-value of .3666 indicates that the question is the strongest exam preparation need on the 
entire certification exam. Therefore, a need for additional exam preparation in the form of 
training or other interventions associated with the programming tasks competency domain exists. 
More specifically, Q115 tests a clinical data manager’s competency in programming data 
extracts.  
 Testing Tasks Competency Domain Summary of Findings 
 
Three of the certification exam’s questions were in the testing tasks competency domain. 
Of the three certification exam questions, no questions yielded a corrected point-biserial 
correlation value > .15 and a p-value < .50. Therefore, there were no additional exam preparation 
needs in the testing tasks competency domain that was identified by the methods employed in 
this study.  
Coordination and Management Tasks Competency Domain Summary of Findings 
 
Q53 produced a p-value of .4254 and a corrected point-biserial correlation value of .218. 
Therefore, a need for additional exam preparation in the form of training or other interventions 
associated with the coordination and management tasks competency domain exists. Specifically, 
Q53 tested a clinical data manager’s competency in coordinating data discrepancy identification 
and resolution. Therefore, increased competency is needed in coordinating data discrepancy 
identification and resolution. 
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Review Tasks Competency Domain Exam Summary of Findings 
 
Only one of the certification exam’s questions was in the review tasks competency 
domain. This question did not yield a corrected point-biserial correlation value > .15 and a p-
value < .50.  Therefore, there were no additional exam preparation needs in the review tasks 
competency domain that was identified by the methods employed in this study.  
Implications for Clinical Data Managers 
 
One of the most revealing components of this study was the discovery that clinical data 
managers have used on-the-job training as a primary source of acquiring the competencies of the 
profession as noted by Zozus et al (2017).  It was most revealing because most professions have 
a method of formally introducing its professionals to its science, practices, and other concepts 
such as a bachelor’s degree in accounting for a certified public accountant. Based on the 
literature review and the findings of this study, it is not a requirement for certified clinical data 
managers to have a formal introduction to clinical data management through a formal degree 
program. As echoed by the GCDMP, there is a unique integration of competencies in biological 
and information sciences that are required for the effective management of data from clinical 
trials (“Good Clinical Data Management Practices”, 2013). This unique mixture of competencies 
required of clinical data managers would likely present difficulty in developing increased 
competency through additional on-the-job training unless the trainings explore the full spectrum 
of the 91 competencies of the certification exam. As Zozus et al. (2017) stated that on-the-job 
training has been used as the primary source of training, the implication is that informal 
additional on-the-job training may not be sufficient for better exam preparation unless the full 
spectrum of competencies are explored in the training because it has been unable to prevent the 
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current six exam preparation deficiencies in the training environment that were identified in this 
study. 
Implications for Practice 
 
 The base level of criteria for applying to the certification exam is that a clinical data 
manager is required to have only four years of full-time clinical data management experience. 
This is an implication that the clinical data management profession itself values experience over 
formal training. A potential concern exists when consideration is given to the fact that the 
practice of clinical data management is becoming increasingly grounded in the scientific 
principles and concepts of clinical research informatics; as represented by the certification exam 
competencies grounding in clinical research informatics as noted by Zozus et al (2017). As more 
science is developed and used to support the practice of clinical data management, formal 
education may be an attractive solution for developing increased mastery of the competencies on 
the certification exam and success in practice. Given Williams et al.’s (2017) discussion of 
training’s role as an untapped opportunity, the exam preparation needs identified in this study 
could provide an opportunity for SCDM to engage in the development of competency-based 
education and training programs to meet what Embi and Payne (2009) identified as a need to 
standardize practice.  
Recommendations for Practice 
 
 The role of clinical data managers in managing data on a human subject’s adverse 
reaction to a drug in a clinical trial is critical (US Food and Drug Administration, 2017). There is 
a significant need for education in both the theory and the evidence-based data management 
practices of clinical trials. The use of these practices is vital to achieving the goals of a clinical 
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trial (Embi & Payne, 2009). Clinical trials are generally designed with goals of testing the safety 
and efficacy of drugs (Edwards & Aronson, 2000). Clinical data managers use the evidence-
based practices articulated by the certification exam competencies to reduce the number of errors 
and generate high-quality data to meet clinical trial goals (Krishnankutty, Naveen, Moodahadu, 
& Bellary, 2012). Thus, they help protect individuals from harmful drugs. Therefore, there is a 
significant need to ensure that clinical data managers have mastered the evidence-based data 
management practices articulated through the certification exam competencies and the 
corresponding exam preparation needs that were identified in this study.  
Within the competency domains of the exam, this study identified that clinical data managers 
needed additional exam preparation in coordinating data discrepancy identification and 
resolution, entering data, implementing data standards, specifying edit checks, designing data 
collection forms, and programming data extracts. Of particular interest is what clinical data 
managers should and could do for additional exam preparation in these six areas. Increased 
competency resulting from additional exam preparation can be acquired through various 
mechanisms. Participation in a cognitive apprenticeship provides individuals with an opportunity 
to learn through a guided experience. In a cognitive apprenticeship, clinical data managers can 
visualize the thought processes of an expert particularly in the exam preparation needs that have 
been identified in this study. The expert describes their thoughts as they are performing the task 
(Collins, Brown, & Newman, 1989). Four dimensions are required to illuminate the thought 
processes of an expert in performing a task. These are employing the best strategies for 
knowledge acquisition for content, promoting methods of reflection through modeling and 
scaffolding teaching techniques, developing a chain of tasks for promote increasing complexity, 
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diversity and global acquisition of tasks, and facilitating learning communities of interactive 
learners (Collins et al., 1989).  
A strong connection exists between cognitive apprenticeships and the competencies of the 
certification exam. This connection centers on the nature of both components. The nature of a 
cognitive apprenticeship is viewed as having an instructor or subject matter expert perform a task 
while projecting their thoughts as the trainee observes how the work is to be performed 
(Stalmeijer, 2015). The certification exam competencies are described as actions that produce 
some result (Zozus et al., 2017). The commonality between these two components is a heavy 
focus on the performance of a task. Therefore, cognitive apprenticeships could be an effective 
solution because the certification exam competencies outline a need for clinical data managers to 
perform tasks as evaluated by the exam questions.   
Recommendations for SCDM  
 
Classical test theory provided an effective framework for interpreting the results of this 
study. The methods employed in this study revealed several important findings that are of 
significant importance to SCDM’s Item Development Team. Most importantly, the .88 
Cronbach’s Alpha was quite impressive and aligned with the widely accepted range for overall 
reliability. Secondly, the scatterplots presented in Chapter 4 provided an illustration of how all 
questions on the certification exam were preforming. Of particular concern for the Item 
Development Team are the questions that revealed point-biserial correlation values of less than 
.15. These questions were located in the following segments of the scatterplots: S5, S6, S7, and 
S8. S5 and S6 were home to exam questions with corrected point-biserial correlation values less 
than .15 and p-values less than .5. These questions can best be described as ranging from 
“difficult” to “very difficult” for clinical data managers to correctly answer the question. Given 
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the level of difficulty and the low corrected point-biserial value, a need exists to review the 
question for quality assurance based on the classical test theory approach.  
Another point of context is viewing each question’s corrected point-biserial correlation 
value within the range for a corrected point-biserial correlation value of -1 to +1. Q1 of the 
design tasks competency domain yielded the most extreme corrected point-biserial correlation 
value of any equation on the exam: -.204. This question is accompanied by a strong 
recommendation to review for quality assurance. Given that the majority of exam questions with 
corrected point-biserial correlation values of less than .15 have corrected point-biserial 
correlation values somewhat close to .15, the Item Development Team should make the ultimate 
determination regarding questions that should undergo a qualitative review for quality assurance. 
Questions with low point-biseral correlation values indicate that something is wrong with the 
wording, content, or presentation of an exam question (Varma, 2018). A review of the question 
could help the Item Development Team identify issues. If a qualitative review of a question with 
a low point-biserial correlation value does not yield any issues, the exam question should still be 
removed from the exam (Kehoe, 1995). The removal of exam questions in this situation is 
justified because there is still a violation of the basic principle of how exam questions are 
expected to perform. For example, questions yielding point-biserial correlation values of less 
than .15 indicate that clinical data managers who perform well on the entire exam are answering 
a specific question incorrectly and inversely indicate that clinical data managers who answer a 
specific question correctly score low on the overall exam (Kehoe, 1995; Varma, 2018). This is a 
violation of what is expected when exam scores are summarized. It is expected that a clinical 
data manager who performs well on an individual question would have a higher score on the 
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overall certification exam because the more individual questions a clinical data manager answers 
correctly, the higher that clinical data manager’s overall score on the certification exam.   
An alternative perspective regarding the distribution of exam questions throughout the 
competency domains is that there should be an equal distribution of certification exam questions 
throughout the competency domains. A significant benefit of having an equal distribution of 
questions in grounded in the current environment of how on-the-job training is serving as the 
primary method of training clinical data managers as noted by Zozus et al (2017). If on-the-job 
training will continue to be used as the primary mechanism for acquiring the competencies of the 
profession, clinical data managers’ knowledge of the underlying theories and concepts of the 
profession may continue to vary by employer. This is because employers generally develop on-
the-job training based on the needs of the clinical trials that are being managed by the employer 
(Embi & Payne, 2009). If an employer is not managing multiple types of clinical trials that span 
the full scope of the 91 competencies, clinical data managers may lack competency in the areas 
that not related to the clinical trials managed by their employer. This presents a clear deficiency 
between what clinical data managers know and what they should know. The concept of “what 
clinical data managers know” represents their level of competency in the exam competencies 
gained through on-the-job training while the concept of “what clinical data managers should 
know” represents the 91 competencies of the certification exam that have been identified as 
encompassing the full spectrum of the clinical data management profession. By having an equal 
distribution of certification exam questions throughout the competency domains, assurance is 
provided that certified clinical data managers will have competency in the full spectrum of what 
SCDM has articulated through the certification exam as being necessary for successful 
completion of the exam and subsequent success in practice.  
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Recommendations for Employers and Training Managers  
 
 The reliability tests employed in this study suggest that the exam could be used as an 
effective tool for ensuring the competency of clinical data managers employed in a variety of 
settings, including academia and industry. As indicated on the SCDM website, the certification 
exam has been previously marketed to employers as a tool for ensuring competency within their 
workforce. Given the results of this study and its examination of the current training environment 
of clinical data managers, it is highly recommended that employers recognize the critical 
distinction between clinical data managers and certified clinical data managers. The high level of 
reliability produced by Cronbach’s Alpha indicates that the questions on the certification exam 
are consistent in measuring clinical data management competencies given Salkind’s (2016) 
discussion of an appropriate value being at least .70. Therefore, an opportunity is presented to 
employers to use the certification exam to authenticate the competency of potential clinical data 
managers that are being considered for available employment opportunities. By hiring applicants 
who are certified clinical data managers, employers are able to use exam scores as reasonable 
estimates of a clinical data manager’s ability in the competencies. In hiring applicants who are 
not certified, a certain level of risk is associated with not having an effective measure of whether 
an applicant has the ability to perform the tasks required to manage highly reliable clinical trial 
data.  
Another consideration for employers and training managers was revealed by the exam 
preparation needs that were identified. Of the competency domains, the coordination and 
management tasks competency domain, data processing tasks competency domain, design tasks 
competency domain, and the programming tasks competency domain revealed topics that 
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indicated clinical data managers need additional exam preparation. Within these domains, 
clinical data managers need additional exam preparation in the specific competencies below: 
 Coordinate data discrepancy identification and resolution 
 Enter data 
 Implement data standards 
 Specify edit checks 
 Design data collection forms 
 Program data extracts 
Fundamentally, employers and training managers must possess a complete understanding of 
the value of building competencies in their workforce and how this increased competency 
translates to increased organizational performance. Possessing the competencies refers to the 
ability of individuals to perform the functions of their role. However, possessing competencies 
does not mean that individuals have the ability to perform the functions of their role at a level 
which may be deemed satisfactory by an employer or manager. From a human resource 
development perspective, building competency is a component of expertise because actions of an 
employee must demonstrate satisfactory results (Swanson & Holton, 2009). Developing 
competence in individuals is generally motivated by the competitive advantage that is given to an 
organization (Le Deist & Winterton, 2005). Flamholtz, Bullen, and Hua (2002) suggested that 
some organizations account for the value of their employees in their accounting systems. Placing 
tangible numerical values on human assets could help employers to recognize and differentiate 
the value of clinical data managers with and without competencies in the full spectrum of the 91 
competencies. Additionally, this could provide a source of motivation for clinical data managers 
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to acquire the competencies that were associated with the exam preparation needs identified in 
this study.  
Based on common approaches in training and development, there are several 
recommendations that could be used by employers and training managers to provide clinical data 
managers with additional exam preparation in the six areas that were identified in this study. Of 
the common approaches, a strong recommendation is to begin by forming an organizational 
learning environment within the organization or becoming learning organization. Various 
perspectives on learning organizations appear in the literature. Edmonstone (2018) defined 
organizational learning environments as the process of generating, retaining, and transmitting 
knowledge within and between organizations. King (2009) described learning organizations as 
continuously identifying and employing improvements through organizational policies and 
quality control limits. Dixon (1992) suggested the organizational learning environment is a 
process, not an outcome. Swanson and Holton (2009) stated that a learning organization “learns 
powerfully and collectively and is continually transforming itself to better collect, manage, and 
use knowledge for corporate success” (p. 217).  
In reflecting on the concept of “corporate success,” there is a strong indication that clinical 
data managers could benefit from the environment of a learning organization by having linked 
and shared goals among clinical data managers within the organization as discussed by Senge 
(2010). These linked and shared goals could be aligned with the acquisition of the exam 
preparation needs identified in this study. Upon establishing a learning organization, employers 
and training managers could expose clinical data managers to the certification exam 
competencies using the ADDIE model as a common training and development approach. 
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Given the nature of the certification exam competencies as actions that produce some result, 
employers are able to provide clinical data managers with opportunities to perform the actions or 
competencies of the certification exam. By performing the competencies of the certification 
exam in the workplace, clinical data managers could potentially be better prepared for the 
certification exam because they have performed the certification exam competencies in the 
workplace. For example, designing a data collection form is a certification exam competency 
that is tested on the certification exam. Clinical data managers who have designed a data 
collection form for a clinical trial in the workplace could be more likely to answer the 
certification exam question correctly because they have performed the action in the workplace. 
However, a more structure learning and practice environment such as cognitive apprenticeship 
would be needed to guide the acquisition of the competency. A traditional on-the-job training 
environment would like not be sufficient because it has contributed to the development of the 
current exam preparation needs that were identified in this study.  
Another recommendation that employers and training managers could use in better preparing 
clinical data managers for the certification exam is to use the six training needs as a needs 
assessment for developing a training program, which is a traditional element of the ADDIE 
model. The ADDIE model is a common approach to designing systematic training (Swanson & 
Holton, 2009). Training departments have to transition from simply taking requests for training 
to developing training programs based on formally identified needs (Chevalier, 2011). Richey et 
al. (2011) described the process of designing a course as having five phases: analyzing the need 
for instruction, designing the instruction, developing the instruction, implementing the 
instruction, and evaluating the instruction. The six exam preparation needs identified in this 
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study could be viewed as the results of a needs assessment for the development of a training or 
continuing education course offered by employers, training managers, or SCDM.  
Many individuals view the development of performance improvement interventions and the 
development of instruction as conflicting solutions. However, both solutions intersect and share 
many of the same foundations such as identifying needs (Richey et al., 2011). In particular, this 
intersection occurs at the needs assessment stage because both require the initial identification of 
a need for intervention or a need for instruction. In addition to developing training and 
continuing education courses based on the exam preparation needs that were identified in this 
study, performance improvement interventions could also be developed.  
Performance is a critical component of an individual’s expertise and explains the way in 
which individuals and objects function (Swanson, 1999). The relationship between performance 
and expertise is focused on a determination of the extent to which an individual possesses the 
knowledge needed to execute a task (Swanson & Holton, 2009). Performance improvement is of 
critical importance because training activities do not always increase competency. Performance 
improvement acknowledges the potential impact of other variables that could increase 
competency, many of which are external (Wittkuhn, 2016). These external variables could 
include the equipment needed to execute a job, the design of a job task, or job performance aids 
(Rothwell, 2005).  
Performance improvement interventions present a noteworthy solution because of their 
focus on addressing factors outside the individual that could be at the organizational level, the 
process level, or the team level as discussed by Swanson and Holton (2009), all of which could 
affect a clinical data manager’s performance of a competency in the workplace. Performance 
improvement interventions in human resource development primarily focus on improving 
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individual employee performance using feedback, incentives, and reward systems in addition to 
training (Rothwell, 1999).  
One example of an appropriate performance improvement intervention is redesigning a 
job (Rothwell, 2005). The primary focus of a job redesign intervention is to improve employee 
performance by modifying the responsibilities of their job or the corresponding process 
(Holman, Axtell, Sprigg, Totterdell, & Wall, 2009). A redesign could lead to increased 
performance of a task particularly in cases where the employee who is responsible for 
preforming the task is involved in the redesign process (Tims & Bakker, 2010). A job redesign 
intervention could be highly appropriate when the sequence of events used to perform a task (or 
competency) in the workplace presents a problem with the employee’s performance.  
For example, this type of intervention could be appropriate when a clinical data manager 
is struggling to perform the steps needed to apply randomization codes to human subjects in a 
clinical trial. In some clinical trials, human subjects are randomly assigned to two different 
groups (Singh, 2014). Of the two groups, one group receives the clinical trial’s treatment while 
the other group serves as a baseline. In these trials, applying randomization codes is simple. 
Clinical data managers merely associate a number with each human subject at the individual 
level for tracking (Prokscha, 2012). However, what happens when subjects are enrolled in a 
multi-center clinical trial with providers in different networks of care? A clinical data manager’s 
job task has to be redesigned to accommodate this need because this situation limits the ability of 
a clinical data manager to track varying risk factors such as age and education that could impact 
the subject interaction with the treatment (Li, Lokhnygina, Murray, Heagerty, & DeLong, 2015). 
Therefore, additional steps must be added to the sequence of events required to be performed to 
apply randomization codes. The first step would be for the clinical data manager to randomly 
132 
 
apply the codes at the group level as opposed to the individual level. Applying the randomization 
codes at the group level by provider or by network would ensure the data is better organized to 
enhance the statistical analysis of the data (Li et al., 2015). The next step would be to develop a 
randomization schema to organize a system for the randomization codes that have been applied 
(“Good Clinical Data Management Practices,” 2013).  
Another example of an appropriate performance improvement intervention is improving 
equipment and/or tools that support job tasks (Rothwell, 2005). Some job tasks should not be 
performed without appropriate supportive equipment and tools, and the impact must assessed 
against the risks (Rothwell & Kazanas, 1994). Given the important role of a clinical data 
manager in ensuring data is reliable, clinical trial data must be managed with the tools and 
equipment needed to ensure high quality is produced to yield an indication of the safeness and 
efficacy of the trial’s treatment. Clinical data managers can often encounter barriers with the 
equipment or tools used to perform a task (or competency) in the workplace such as a lack of 
technological resources to support the data collection stage of a clinical trial. In the case of 
collecting data for a clinical trial, there could be a significant alleviation of barriers if a clinical 
data manager were to use electronic data collection process as opposed to manually collecting 
data on a case report form that also has to be transcribed. With such variance in the legibility of 
the writing styles of individuals who complete manual case report forms, a significant barrier 
potentially exists with a clinical data manager’s task of transcribing data from hand-written 
forms. Therefore, improving the equipment or tools could better support the performance for a 
clinical trial task.  
The use of job aids is another example of an appropriate performance improvement 
intervention (Rothwell, 2005). Job aids have been historically defined as an external device that 
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provides information just in time for an individual’s performance or a task (Elsenheimer, 1998). 
Paper-based job aids are generally a popular form of job aid because they provide guidelines for 
performing a task (Florez-Arango, Iyengar, Dunn, & Zhang, 2011). In the context of the overall 
tasks required to manage data for a clinical trial, Zozus et al. (2017) is a strong example of a 
paper-based job aid that can be used to guide clinical data managers in the conduct of tasks that 
should be completed to manage data for a clinical trial effectively. The publication provides a 
table that lists the 91 competencies of the certification exam. These 91 competencies, as noted by 
Zozus et al. (2017), represent the tasks that are required to manage data from a clinical trial from 
beginning to end. Therefore, these competencies could be viewed as the sequence in which to 
manage clinical trial data from identifying the data to be collected though data archiving and 
reviewing the work of subordinates.  
Given Zozus et al.’s (2017) notation that clinical data managers are primarily trained on 
the job, there could be a relationship between a clinical data manager’s performance of a clinical 
trial task in the workplace and their performance on a certification exam question because 
questions are formally linked to competencies. Competencies are defined as actions that produce 
some result (Zozus et al, 2017) which is highly reflective of tasks that are performed in the 
workplace. Therefore, effective performance of the certification exam competencies in managing 
data from a clinical trial in the workplace could increase performance on the certification exam. 
Recommendations for Future Research 
 
 The clinical data management profession has evolved dramatically over the past 20 years. 
This shift in clinical data manager tasks transitioned the profession from being highly 
administrative with tasks such as collating collected data to highly scientific tasks such as 
designing data management models (Beller, 1996). This shift in the nature of the profession is 
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still driving the need to better understand how clinical data managers perform the tasks and how 
better training could support acquisition of the tasks as represented by the competencies of the 
certification exam. Thus, the strongest recommendation is a need to examine clinical data 
manager exam preparation needs in all 91 certification exam competencies. While this study 
attempted to do so, several barriers prevented the assessment of training needs in each 
competency. The first barrier was the low corrected point-biserial correlation values for some of 
the exam questions. In theorizing, questions with a p-value of less than .5 could have indicated 
an additional exam preparation need if instead they had a corrected point-biserial correlation 
value greater than .15. Therefore, those questions could not be assessed for the extent to which 
additional exam preparation was needed. This recommendation for research could provide 
information to support SCDM’s Item Development Team’s alignment with the practice of 
clinical data management as the profession continues to evolve along with its training needs.  
 Secondly, not all of the certification exam competencies were tested on the certification 
exam. Zozus et al.’s (2017) notation that the certification exam competencies are highly 
reflective of the scope of the profession’s practice suggests that the certification exam 
competencies that are not tested on the certification exam should still be present in clinical data 
managers. Therefore, a need exists to examine clinical data manager competency in all of the 
competencies of the certification exam. Furthermore, an examination into clinical data manager 
competency in these areas should not be limited to the scope of preparing for the certification 
exam. The scope of the inquiry should seek to understand the general training needs of clinical 
data managers, both non-certified and certified. Widening the scope of the inquiry would 
contribute to the literature related to training and developing clinical data managers and decrease 
the current deficiency that exists in the literature. Although the scope should be widened to 
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generally assess training needs. To fulfill this need, future research should focus on identifying 
the needs for additional training using the certification exam competencies. A formal training 
needs assessment would likely be sufficient. An inquiry of this nature could provide support for 
reforming clinical data manager training to create a more systematic training environment 
targeted at increasing competencies in the full range of the certification exam competencies. 
Subsequently, this would decrease the gaps in the literature related to clinical data manager 
training in the certification exam competencies which are grounded in professional practice as 
noted by Zozus et al. (2017).  
Another significant recommendation involves this study’s focus on assessing the 
reliability of the exam questions as opposed to the questions and responses. In classical test 
theory a reliability assessment of responses is referred to as distractor analysis (Gierl, Bulut, 
Guo, & Zhang, 2017). Distractor analysis is of particular concern in this study because a large 
number of exam questions yielded p-values near or greater than .8. Given that p-values above .8 
are interpreted as “very easy” for clinical data managers to answer, distractor analysis should be 
performed to assess the ability of non-correct multiple-choice options to distract a clinical data 
manager from choosing the correct response. An investigation into the distractors of each of the 
130 exam questions could provide an understanding of potential causes for the potential issues 
associated with low-performing questions, which could range from distractors potentially 
qualifying as a correct answer to poorly written questions. Subsequently, distractor analysis 
could increase the certification exam’s ability to distinguish clinical data managers with low 
competency from clinical data managers with high competency in the competencies of the 
certification exam. This recommendation would support additional assessment of the strength of 
the certification exam as represented by the strength of the distractors that are chosen for each 
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question. Information provided by a distractor analysis would support SCDM’s Item 
Development Team’s continued evaluation of the certification exam.   
Another recommendation for future research is to review the distribution of exam 
questions throughout the competency domains of the certification exam to ensure that the 
importance of the competencies in practice aligns with the extent to which each competency is 
tested on the exam. Zozus et al. (2017) was the only study related to the alignment of the 
certification exam competencies and tasks performed by clinical data managers. While Zozus et 
al. (2017) provided substantial support for identifying the deficiencies of clinical data managers 
who took the exam, there is a continued need to maintain alignment between the certification 
exam competencies and practice. Because of the dramatic shift in clinical data managers’ tasks 
noted by Beller (1996), changes in how data is managed are expected to multiply as data 
management technologies and practices evolve. Therefore, additional inquires must be conducted 
to examine the alignment between practice and the certification exam.  
Chapter V Summary 
 
Chapter 5 provided a detailed review of the value of the findings of this study. These 
findings fulfilled the purpose of this study which sought to understand how clinical data 
managers were performing in each of the exam’s competency domains by examining the areas of 
Certified Clinical Data Manager ExamTM that clinical data managers struggle with to inform 
exam preparation. The frequency of responses to each exam question in each competency 
domain was informed by classical test theory which required the use of psychometric tests that 
are traditionally associated with assessing the reliability of a high stakes exam. As discussed in 
chapter four, some competency domains revealed questions with corrected point-biserial 
correlation values > .15 and p-values < .50 that were used to inform training needs. Given that 
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each exam question is formally linked to one of 91 certification exam competencies by SCDM, 
this chapter discussed the meanings of the findings which were represented by six exam 
preparation needs: coordinating data discrepancy identification and resolution, entering data, 
implementing data standards, specifying edit checks, designing data collection forms, and 
programming data extracts. This chapter also provided recommendations related to the training 
environment of clinical data managers, the usefulness of the certification exam as a tool for 
competency assurance in the workforce, and recommendations for additional research needed to 
decrease gaps that were identified in the literature.  
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